University of Kentucky

UKnowledge
Theses and Dissertations--Biosystems and
Agricultural Engineering

Biosystems and Agricultural Engineering

2021

QUANTIFYING THE SOURCE AND PATHWAY OF DISSOLVED
REACTIVE PHOSPHATE IN KARST DRAINAGE OF THE INNERBLUEGRASS
Cory Radcliff
University of Kentucky, radcory15@aol.com
Author ORCID Identifier:

https://orcid.org/0000-0001-7285-7730

Digital Object Identifier: https://doi.org/10.13023/etd.2021.344

Right click to open a feedback form in a new tab to let us know how this document benefits you.

Recommended Citation
Radcliff, Cory, "QUANTIFYING THE SOURCE AND PATHWAY OF DISSOLVED REACTIVE PHOSPHATE IN
KARST DRAINAGE OF THE INNER-BLUEGRASS" (2021). Theses and Dissertations--Biosystems and
Agricultural Engineering. 81.
https://uknowledge.uky.edu/bae_etds/81

This Master's Thesis is brought to you for free and open access by the Biosystems and Agricultural Engineering at
UKnowledge. It has been accepted for inclusion in Theses and Dissertations--Biosystems and Agricultural
Engineering by an authorized administrator of UKnowledge. For more information, please contact
UKnowledge@lsv.uky.edu.

STUDENT AGREEMENT:
I represent that my thesis or dissertation and abstract are my original work. Proper attribution
has been given to all outside sources. I understand that I am solely responsible for obtaining
any needed copyright permissions. I have obtained needed written permission statement(s)
from the owner(s) of each third-party copyrighted matter to be included in my work, allowing
electronic distribution (if such use is not permitted by the fair use doctrine) which will be
submitted to UKnowledge as Additional File.
I hereby grant to The University of Kentucky and its agents the irrevocable, non-exclusive, and
royalty-free license to archive and make accessible my work in whole or in part in all forms of
media, now or hereafter known. I agree that the document mentioned above may be made
available immediately for worldwide access unless an embargo applies.
I retain all other ownership rights to the copyright of my work. I also retain the right to use in
future works (such as articles or books) all or part of my work. I understand that I am free to
register the copyright to my work.
REVIEW, APPROVAL AND ACCEPTANCE
The document mentioned above has been reviewed and accepted by the student’s advisor, on
behalf of the advisory committee, and by the Director of Graduate Studies (DGS), on behalf of
the program; we verify that this is the final, approved version of the student’s thesis including all
changes required by the advisory committee. The undersigned agree to abide by the statements
above.
Cory Radcliff, Student
Dr. William Ford, Major Professor
Dr. Donald Colliver, Director of Graduate Studies

QUANTIFYING THE SOURCE AND PATHWAY OF DISSOLVED REACTIVE
PHOSPHATE IN KARST DRAINAGE OF THE INNER-BLUEGRASS

________________________________________
THESIS
________________________________________
A thesis submitted in partial fulfillment of the
requirements for the degree of Master of Science in Biosystems and Agricultural
Engineering in the Colleges of Agriculture and Engineering
at the University of Kentucky

By
Cory Radcliff
Lexington, Kentucky
Director: Dr. William Ford, Professor of Biosystems and Agricultural Engineering
Lexington, Kentucky
2021

Copyright © Cory Radcliff 2021
https://orcid.org/0000-0001-7285-7730

ABSTRACT OF THESIS

QUANTIFYING THE SOURCE AND PATHWAY OF DISSOLVED REACTIVE
PHOSPHATE IN KARST DRAINAGE OF THE INNER-BLUEGRASS
In the Midwestern U.S. seasonal hypoxia experienced in the Gulf of Mexico and
harmful algal blooms in inland freshwater ponds, lakes, and rivers are partly fueled by
dissolved orthophosphate loadings from disturbed landscapes. Efforts to reduce dissolved
reactive phosphate (DRP) loadings have had varying levels of success and have led to
insufficient water quality improvements. Inefficiencies in conservation strategies can stem
from poor understanding of phosphate source and flow pathway dynamics. This study
focused on monitoring sources and flow pathways of dissolved reactive P in a karst
agroecosystem with phosphatic limestone. We collected event water samples at the
Camden Creek watershed outlet in Woodford County, Kentucky and characterized P
sources by sampling spring water and soils across the watershed. Oxygen isotope results
for orthophosphate at springs suggested significant differences in isotope signatures at
high and low flows, despite similar concentrations, likely reflecting differences in
connectivity to anthropogenic and ambient P sources. Multiple linear regression models to
predict DRP concentrations revealed that a mass-balance unmixing approach may help
distinguish between DRP pathways in a heterogeneous karst system better than commonly
used hydrograph recession methods. Soils from our study site had high extractable P
concentrations at both the surface and deeper soil zones, with high heterogeneity reflecting
soil composition and spatial variability in management. Overall, this work provides insight
into phosphate source and transport in a karst agroecosystem and provides broader
implications for implementing best management strategies to reduce DRP loading in such
systems.
KEYWORDS: karst agroecosystem, dissolved reactive phosphate (DRP), anthropogenic,
stable isotopes, flow pathways, water sources

Cory Radcliff
(Name of Student)
07/26/2021
Date

QUANTIFYING THE SOURCE AND PATHWAY OF DISSOLVED REACTIVE
PHOSPHATE IN KARST DRAINAGE OF THE INNER-BLUEGRASS

By
Cory Radcliff

Dr. William Ford
Director of Thesis
Dr. Donald Colliver
Director of Graduate Studies
07/26/2021
Date

DEDICATION
This work is dedicated to the loving memory of Rosa Radcliff. She was more than just a
grandmother; she was a role model, a supporter, and a best friend. I would not be in the
position I am today if it were not for her. She was there to support me and guide me
through every step I took. Her value of hard work and unconditional love shaped the
person that I have become. Grandma, you will never be forgotten. Ich liebe dich.
I will always love you.

ACKNOWLEDGMENTS
Although the following thesis is an individual work, it would have not been possible
without the insight, support, and guidance from several individuals. First, I would like to
personally thank and acknowledge, Dr. William Ford. His dedication and guidance to all
of his students exceeds any expectations a student could ever ask for in an advisor. This
project would have not been possible without his passion, timely feedback, and thoughtful
suggestions. I would also like to thank the other members of my committee, Dr. Tiffany
Messer and Dr. Wei Ren. I was fortunate to get the opportunity to take a course taught by
Dr. Ren. Her expertise and advice on ecosystem modeling taught me to not only focus on
the role my work played on a small scale, but to step back and factor my work onto a larger
scale. Although I just recently met Dr. Tiffany Messer, her expertise in groundwater
hydrology and infectious positive attitude provided an outstanding addition to my
committee.
Next, I would like to thank all of my family and friends who have helped support
and guide me along the way. The understanding and support from my parents,
grandparents, and siblings has helped me accomplish all that I have. Specifically, I would
like to thank my girlfriend, Isabella, for always being there to support and aid me when
the stress got the better of me. This project would have been extremely difficult without
her willingness to always be by my side on both the good days and the bad. Although
neither of them can read, I would also like to thank my two dogs, Aspen and Luna. Jumping
into my lap after hours of typing at my computer or playing fetch with them as an excuse
to leave the house and take a break was a tremendous stress reliever.

iii

Lastly, I would like to thank the Department of Biosystems and Agricultural
Engineering (BAE) at the University of Kentucky for providing me with an exceptional
workplace and incredible professors and staff to learn lifelong lessons from. I would like
to thank the USGS for help funding this project. I also cannot go without thanking the
amazing research team that Dr. Ford has put together and supported throughout the years
that have not only aided my research efforts but have taught me valuable lessons and
became dear friends. These individuals include Dan Barton, Ciara Pickering, Gina
DeGraves, Nolan Bunnell, and Drew McGill. At the expense of leaving someone out, I
would also like to thank Alex Fogle, Donnie Stamper, Patrick Montgomery, Donald
Colliver, Surendra Joshi, and the members of BAE Machine Shop who helped play a role
in the completion of this project.

iv

TABLE OF CONTENTS

ACKNOWLEDGMENTS ................................................................................................. iii
LIST OF TABLES ........................................................................................................... viii
LIST OF FIGURES ........................................................................................................... ix
CHAPTER 1. INTRODUCTION ....................................................................................... 1
1.1 Dissolved Reactive Phosphorus in Karst Agroecosystems ..................................... 1
1.2 Objectives ................................................................................................................ 4
1.3 Thesis Contents ....................................................................................................... 4
CHAPTER 2. LITERATURE REVIEW ............................................................................ 6
2.1 Source and Soil P Composition Dynamics in Karst Agroecosystems..................... 6
2.1.1 Phosphorus Composition in Karst Agroecosystem Soils ............................... 6
2.1.2 Source Characterization Using the Stable Oxygen Isotope of PO4
(δ18 OPO4 ) .................................................................................................................. 10
2.2 Flow Pathway Dynamics in Karst Watersheds ..................................................... 15
2.2.1 Karst Hydrogeology ...................................................................................... 15
2.2.2 Hydrograph Separation Techniques .............................................................. 19

2.3 Dissolved Reactive P Source Dynamics in Karst Agroecosystem Watersheds..... 22
2.4 Tables and Figures ............................................................................................... 25
CHAPTER 3. METHODOLOGY .................................................................................... 28
3.1 Study Site............................................................................................................... 28
3.2 Data Collection and Analysis ............................................................................... 30
3.2.1 Spatial Elemental and Isotopic Composition of Soils................................... 30
3.2.2 Historical Spatial water Quality Dataset ....................................................... 34
3.2.3 Event-based and Spatial water Quality Data ................................................ 35
3.2.4 High-Frequency Continuous Watershed Water Quality and Quantity
Measurements ........................................................................................................... 38
3.3 Analytical Methods ............................................................................................... 41
3.3.1 Statistical Analysis of Soil Samples ............................................................. 41
3.3.2 Spatial Analysis of Spring Samples .............................................................. 43
3.3.2.1 Historical Spring DRP Concentration Analysis .................................... 43
3.3.2.2 Phosphate Oxygen Isotope Analysis of Spring DRP Samples ............. 43
3.3.3 Hydrograph Separation Analysis .................................................................. 44
v

3.3.3.1 Event-based Hydrograph recession Analysis........................................ 44
3.3.3.2 Source Unmixing Analysis and Tracer Quantification ......................... 45
3.3.4 DRP Composition and Source Provenance Analysis of Event Samples ...... 49
3.4 Tables and Figures ............................................................................................... 52
CHAPTER 4. RESULTS .................................................................................................. 59
4.1 Source and Soil P Dynamics ................................................................................. 59
4.1.1 Variability of WEP in Soil ............................................................................ 59
4.1.2 Variability of Mehlich-3 P and Other Elemental Compositions in Soil ....... 60
4.1.3 δ18 OPO4 Analysis of WEP in Soils ............................................................... 62
4.2 DRP Variability and Composition in Springs....................................................... 64
4.2.1 Spatial DRP Concentration Results .............................................................. 64
4.2.2 Spatial DRP Isotope Results ......................................................................... 65
4.3 Flow Pathway Dynamics ...................................................................................... 66
4.3.1 Event Hydrograph Recessions ...................................................................... 66
4.3.2 Event Mass-Balance Unmixing Analysis of Water Sources......................... 67
4.4 DRP Composition and Source Dynamics of Events and Springs ......................... 68
4.4.1 Event DRP Concentration Results ................................................................ 68
4.4.2 Event DRP Isotope Results ........................................................................... 70
4.5 Tables and Figures ............................................................................................... 71
CHAPTER 5. DISCUSSION .......................................................................................... 103
5.1 Phosphorus Variability within Karst Agroecosystem Soils ................................ 103
5.2 Dissolved Reactive P concentrations in Karst Springs....................................... 105
5.3 Importance of Assessing Water Source Controls on DRP Loading in Karst ..... 106
5.4 δ18 OPO4 as a Tracer for DRP in Karst Agroecosystems .................................... 110

CHAPTER 6. CONCLUSIONS AND FUTURE WORK .............................................. 113
6.1 Conclusions ......................................................................................................... 113
6.2 Future Work ........................................................................................................ 114
APPENDICES ................................................................................................................ 116
APPENDIX A. Field Notes ......................................................................................... 116
APPENDIX B. Site Pictures ........................................................................................ 120
APPENDIX C. Source Unmixing Analysis MATLAB Script ....................................... 139
APPENDIX D. R Script for Statistical Analysis of WEP and M3P of Soil samples and
DRP of Historical Spring Samples ............................................................................. 148
vi

REFERENCES ............................................................................................................... 152
VITA ............................................................................................................................... 162

vii

LIST OF TABLES
Table 2.1. Literature review table of studies that use the oxygen isotope of phosphate and
the role fractionation had on the isotope. .......................................................................... 25
Table 3.1. Summary of dates, samples collected, sampling frequency and analytes
measured for the event-based sample collection. ............................................................. 52
Table 4.1. Statistical significance test results comparing soil samples collected at
different locations and from different soil zones based on WEP concentrations. ............ 71
Table 4.2. Descriptive Statistics of WEP determined from soil samples. ........................ 72
Table 4.3. Statistical significance test results comparing soil samples collected at
different locations and from different soil zones based on M3P concentrations. ............. 73
Table 4.4. Descriptive Statistics of M3P determined from soil samples. ......................... 74
Table 4.5. DRP concentrations from each spring during all four spatial sampling
collections. ........................................................................................................................ 75
Table 4.6. Statistical significance test results comparing historical spring samples based
on DRP concentrations. .................................................................................................... 76
Table 4.7. Oxygen isotope of phosphate values collected at springs across the Camden
Creek watershed during the spring sample collections. .................................................... 77
Table 4.8. Difference in measured and theoretical determined isotope values of the
surrounding water of spring samples. ............................................................................... 78

viii

LIST OF FIGURES
Figure 2.1.Illustration of different hydrological karstic zones and processes occurring
within each zone. .............................................................................................................. 27
Figure 3.1. Camden Creek Surface and Subsurface Watershed and location of all soil and
water sampling sites. ......................................................................................................... 53
Figure 3.2. Soils within the Camden Creek Watershed and LRC Farm. Data was obtained
from the NRCS SSURGO database. ................................................................................. 54
Figure 3.3. Geological Age Map of Kentucky. Data was obtained from the USDA NRCS
Geospatial Data Gateway.................................................................................................. 55
Figure 3.4. Land use and cover within the Camden Creek Watershed and LRC Farm as of
2016. Data was obtained from the USDA NRCS Geospatial Data Gateway. .................. 56
Figure 3.5. Site images from the Camden Creek watershed outlet (ST1) ........................ 57
Figure 3.6. Spring sites across the Camden Creek watershed and LRC farm property .... 58
Figure 4.1. Water Extractable P Profiles from Camden Creek upland soils. Samples were
abbreviated as follows: Horse sinkhole (HS), Cow sinkhole (CS), Active sinkhole (AS),
FS (foot slope), SS (shoulder slope), SU (summit), TS (toe slope), and SH (shoulder). . 79
Figure 4.2. Box-and-whisker plots of WEP in soils from different locations and different
soil zones........................................................................................................................... 80
Figure 4.3. Scatter plot comparing residuals and predicted values of the multiple linear
regression model for WEP. ............................................................................................... 81
Figure 4.4. Normal Q-Q plot of the multiple linear regression model that predicts WEP
based on sample location and soil zone. ........................................................................... 82
Figure 4.5. Mehlich-3 Phosphorus Profiles from Camden Creek upland soils. Samples
were abbreviated as follows: Horse sinkhole (HS), Cow sinkhole (CS), Active sinkhole
(AS), FS (foot slope), SS (shoulder slope), SU (summit), TS (toe slope), and SH
(shoulder). ......................................................................................................................... 83
Figure 4.6. Box-and-whisker plots of M3P in soils from different locations and different
soil zones........................................................................................................................... 84
Figure 4.7. Scatter plot comparing residuals and predicted values of the multiple linear
regression model for M3P................................................................................................. 85
Figure 4.8. Normal Q-Q plot of the multiple linear regression model that predicts M3P
based on sample location and soil zone. ........................................................................... 86
Figure 4.9. Box-and-whisker plots of M3Ca in soils from different locations and different
soil zones........................................................................................................................... 87
Figure 4.10. Box-and-whisker plots of M3K in soils from different locations and different
soil zones........................................................................................................................... 88
Figure 4.11. Box-and-whisker plots of M3Mg in soils from different locations and
different soil zones. ........................................................................................................... 89
Figure 4.12. Box-and-whisker plots of M3Zn in soils from different locations and
different soil zones. ........................................................................................................... 90

ix

Figure 4.13. Box-and-whisker plots of DRP of historical samples collected at different
spring locations. ................................................................................................................ 91
Figure 4.14. Scatter plot comparing residuals and predicted values of the multiple linear
regression model for DRP of historical spring samples.................................................... 92
Figure 4.15. Normal Q-Q plot of the multiple linear regression model that predicts DRP
based on spring location, type, and flow rate.................................................................... 93
Figure 4.16. Box-and-whisker plot illustrating the oxygen isotope of phosphate values
between samples collected at springs during low and high flow conditions. ................... 94
Figure 4.17. Scatter plot representing how far spring samples deviate from the expected
isotopic equilibrium with the surrounding water. ............................................................. 95
Figure 4.18. Event discharge, specific conductance and soil moisture recorded at different
depths. Each red arrow indicates the time a spatial sample collection occurred. ............. 96
Figure 4.19. Results from the Hydrograph recession analysis for events 1, 2, and 4 with
measured and predicted DRP concentrations from MLR analysis. .................................. 97
Figure 4.20. The predicted mean event discharge and the range it could fall between
based on one standard deviation from the mean for each source. .................................... 98
Figure 4.21. Mean event water source contribution to the total flow with measured event
DRP concentrations and predicted event DRP concentrations using the flow fractions. . 99
Figure 4.22. DRP event hysteresis for each sampled event. ........................................... 100
Figure 4.23. Total DRP event DRP loading with predicted contributions from quick and
slow pathways. ................................................................................................................ 101
Figure 4.24. Total event DRP loading and the predicted DRP source contributions. .... 102

x

CHAPTER 1. INTRODUCTION
1.1

Dissolved Reactive Phosphorus in Karst Agroecosystems
Managing phosphorus (P) in disturbed watersheds has become a global issue for both

scientists and engineers. In the Midwestern U.S., seasonal hypoxia experienced in the Gulf
of Mexico and harmful algal blooms in inland freshwater ponds, lakes, and rivers are
partially fueled by dissolved orthophosphate, herein referred to as dissolved reactive P
(DRP) (Alexander et al., 2008; Brooks et al., 2016). To reduce the hypoxic zone in the
Gulf of Mexico to an acceptable size (<5,000 km2) the United States Environmental
Protection Agency (USEPA) Science Advisory Board concluded that at least a 45%
reduction in both N and P loading from the estimated MARB (Mississippi/Atchafalaya
River Basin) mean-annual 1980-1996 fluxes was needed (USEPA, 2007). However,
management efforts to reduce DRP loadings have had varying levels of success and have
led to insufficient water quality improvements (Sharpley et al., 2015). Inefficiencies in
conservation strategies can stem from poor understanding of phosphate source, fate, and
transport in disturbed watersheds. Targeting the source of pollution while identifying
connectivity within hydrological pathways of these systems may help improve the
effectiveness of nutrient mitigation (Jarvie et al., 2014).
While much emphasis has been placed on DRP from tile-drained landscapes (Ford
et al., 2018), one landscape feature which has received less attention is karst
agroecosystems. Karst landscapes are a dominant geological feature persistent throughout
the world. Over 25% of the world’s population either lives on or obtains drinking water
from a karst aquifer (Hartmann et al., 2014; Jarvie et al., 2014). Previous modeling results
in the Mississippi River Basin have suggested Kentucky, Tennessee, Ohio, Mississippi,
1

Illinois, Iowa, Indiana, Missouri, and Arkansas, contribute approximately 75% of the DRP
loading that drains into the Gulf, despite accounting for only 33% of the MARB drainage
area (Alexander et al., 2008). Many of these states contributing the highest percentage of
DRP loadings to the Gulf have both high agricultural production and fluvial karst features.
Although karst features are dominant throughout the world, nutrient dynamics within these
systems remain poorly understood. This lack of understanding is partly due to limited
database’s that have been developed for karst landscapes (Hartmann et al., 2014; Ford et
al., 2019). Poor understanding of karst landscapes also stems from the particularly high
heterogeneity in flow pathway dynamics and highly variable DRP concentrations in both
surface runoff and spring drainage (Hartmann et al., 2014; Jarvie et al., 2014; Husic et al.,
2017a). Additionally, karst landscapes in temperate agroecosystems are subject to complex
seasonal patterns, in return creating high seasonal variability in nutrient dynamics
(Hartman et al., 2014; Ford et al., 2019). Overall, the above information suggests that there
is a need to further understand nutrient dynamics and pathways in karst agroecosystems to
aid nutrient management and aid in development of long-term datasets within these
systems.
Karst landscapes with phosphatic parent material present a unique challenge to the
DRP source problem. Kentucky has relatively high influence of fluvial karst features. It
has been estimated that 55% of Kentucky is underlain by rocks that could develop karst
features while 38% of the state already has at least some karst development (Currens,
2002). Much of these karst areas are located in central Kentucky that is part of a karstic
limestone belt that extends from southern Indiana through Kentucky into Tennessee and
west to the Cumberland River along the entire eastern and southern perimeter of the
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Western Kentucky Coal Field (White et al., 1970). Soils in these regions are primarily
derived from rocks of middle Ordovician age phosphatic limestone (Black et al., 1965),
which play a role in the regions high background levels of P sources (USGS, 2020). In
fact, recent modeling efforts using the SPARROW model have highlighted the importance
of natural (background) P losses, resulting in the state of Kentucky becoming the second
greatest contributor of DRP loading to the Gulf (2012) as compared with previous
modeling efforts that placed the state as the fifth greatest contributor (2002) (Robertson
and Saad, 2021). Contrasting this, much research on source flow pathway dynamics have
been conducted in systems such as the Ozarks region, for example, where parent material
is non-phosphatic and DRP concentrations during low flows are significantly lower (Jarvie
et al., 2014; Ford et al., 2019). As a result, discriminating ambient from anthropogenic
DRP sources in karst agroecosystems remains a research need for systems with phosphatic
limestone parent material.
Oxygen isotopes of phosphate provide a potential tracer to aid in discriminating DRP
sources in karst agroecosystems with high background levels of DRP. While stable isotope
fingerprinting methodologies have been broadly applied to evaluate nitrogen species
(Davis and Fox, 2009), tools to trace phosphorus sources have lagged behind. In part, this
reflects the fact that P has no stables isotopes, however P is found in natural environments
bonded to oxygen as phosphate (PO4-) (Gooddy et al., 2016). Previous studies have
deemed the oxygen isotopic composition of phosphate (𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 ) a potential tool for

tracing and partitioning phosphate source inputs as long as signatures are unique and well
characterized within the landscape (Young et al., 2009). We hypothesize that if sources
are isotopically distinct,

𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 could serve as an efficient tool in differentiating
3

between DRP sources in karst agroecosystems with ambient and anthropogenic influences.
The overarching goal of this thesis is to advance understanding of dissolved reactive
phosphorus source dynamics in karst watersheds with phosphatic limestone and identify
the utility of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 to aid in source and flow pathway identification.

1.2

Objectives

The main focus of this study was to investigate and advance techniques for
quantifying dissolved reactive phosphorus source apportionment in karst watersheds
located within the Inner-Bluegrass region of Kentucky as well as expanding the knowledge
on DRP fate and transport within these systems. The four primary objectives of this
research are defined below and serve as a template for the subsequent sections of this
thesis:
1) Characterize P elemental and isotopic source composition in karst
agroecosystems with soils derived from phosphatic limestones.
2) Assess spatial variability in DRP concentrations and isotopic compositions in
spring-fed watersheds.
3) Assess flow pathway dynamics during storm events in karst agroecosystem
watersheds typical of the region.
4) Identify flow pathway and source controls on event-scale DRP concentrations in
a karst watershed using oxygen isotopes of phosphate.
1.3

Thesis Contents
Chapter 1: Introduction. Provides an overview of DRP source, fate, and transport in

karst agroecosystems, defines the purpose and primary objectives of this thesis, and
outlines the contents of this thesis.

4

Chapter 2: Literature Review. A review of research focused on hydrological
pathways, features, and formation of karst agroecosystems, DRP fate and transport within
an immature karst system, and techniques and methods using the oxygen isotopic
composition of phosphate in natural aquatic ecosystems to distinguish between phosphorus
sources at the watershed scale.
Chapter 3: Methodology. Provides an overview of the study site and design, an
outline of the methodology for data collection, and data analysis methods.
Chapter 4: Results. Describes the results of the study.
Chapter 5: Discussion. Entails a discussion of the results and implications from the
findings of this study.
Chapter 6: Conclusions and Future Work. Provides a summary of the major
findings of this work and proposes future research topics and needs.
Chapter 7: References Cited. Contains a list of the works cited in this thesis.
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CHAPTER 2. LITERATURE REVIEW
2.1
2.1.1

Source and Soil P Composition Dynamics in Karst Agroecosystems
Phosphorus Composition in Karst Agroecosystem Soils
Phosphorus in soils can be discretized into its organic (Po) and inorganic (Pi) forms,

with the prominence being tied to level of anthropogenic disturbance. Pi is the preferred
form of P for biological utilization and is readily taken up by microbial cells, plants, and
algae (Blake et al., 2005; Zohar et al. 2010). Abiotic transformations of inorganic P in soil
are controlled by the processes of precipitation, dissolution, and sorption. Inorganic P in
soil is primarily in the form of orthophosphates and its chemical reactivity is determined
by the strength of ionic bonds to surrounding atoms (Bünemann et al., 2011). Organic P
can also comprise a significant part of the total P present in soil solution (Chardon et al.,
1997). Organic P is defined as any compound that contains an organic moiety in addition
to P, or more broadly phosphate associated with organic matter (George et al., 2018).
Organic forms of soil P are distinguished from inorganic forms because they contain at
least one covalent bond to a carbon atom, generally via an ester linkage (Bünemann et al.,
2011). Transformations of organic P and their conversion to inorganic P, require the
breaking of this covalent bond. The relative levels of Pi and Po are dependent upon
anthropogenic disturbance. Joshi et al. (2016) investigated how P transforms from one
inorganic pool to another and found that extracted inorganic P accounted for 76% to 84%
of TP in an agroecosystem soil that receives annual phosphate inputs of 200kg ha-1. Their
findings indicated that a relatively small fraction of TP was present as organic P at shallow
depths, while at deeper depths (>50cm) it has been shown be the dominant fraction
(Chardon et al., 1997). Given inorganic P is the most bioavailable form of P, and most
6

susceptible to leaching, we focus the remainder of this review on Pi pools and associated
controls in karst agroecosystems.
Inorganic P pools are operationally defined and quantified using soil extraction
techniques and reflect a lability and leachability gradient. The most common extraction
methodology separates P pools into four distinct groups which are 𝐻𝐻2 𝑂𝑂 − 𝑃𝑃𝑖𝑖 , 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑂𝑂3 −

𝑃𝑃𝑖𝑖 , 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑃𝑃𝑖𝑖 , and 𝐻𝐻𝐻𝐻𝐻𝐻 − 𝑃𝑃𝑖𝑖 (Hedley et al., 1982; Tiessen et al. 1984). This extraction

process removes both labile 𝑃𝑃𝑖𝑖 and 𝑃𝑃𝑜𝑜 forms from the soils. Specifically, 𝑃𝑃𝑖𝑖 and TP are

determined using reagents and methods for measuring orthophosphate concentrations
described by Murphy and Riley (1962). The 𝑃𝑃𝑜𝑜 extracted can be calculated by the

difference determined between 𝑃𝑃𝑖𝑖 and TP. Of these four pools, 𝐻𝐻2 𝑂𝑂 − 𝑃𝑃𝑖𝑖 and 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑂𝑂3 −

𝑃𝑃𝑖𝑖 are considered to be bioavailable (Joshi et al., 2016; Joshi et al., 2018) with the more
labile form being the water extractable P pool (Zohar et al., 2010). Water extractable P

(WEP) is highly leachable and has been found to be a direct measure of soil solution P
concentrations (Pote et al., 1996; Ford et al., 2018). 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑂𝑂3 − 𝑃𝑃𝑖𝑖 is also considered

relatively labile and consists of P that is loosely bound to clay minerals and organic matter
via cation bridges (Zohar et al., 2010). The 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑃𝑃𝑖𝑖 pool has been found to be

moderately bioavailable depending on relative P concentrations throughout other P pools
and the efficiency of plants ability to take up 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑃𝑃𝑖𝑖 within a system (Joshi et al.

2016). For the most part the 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑃𝑃𝑖𝑖 and 𝐻𝐻𝐻𝐻𝐻𝐻 − 𝑃𝑃𝑖𝑖 fractions are considered to be the
recalcitrant P pools and not as directly bioavailable (Joshi et al., 2016; Zohar et al., 2010).

Zohar et al. (2010) also suggested that these two pools are controlled by similar
biogeochemical processes in soils, in which inorganic P cycling occurs at similar rates and
by similar processes. While the 𝐻𝐻𝐻𝐻𝐻𝐻 − 𝑃𝑃𝑖𝑖 pool is not directly considered to be bioavailable,
7

there has been evidence of plant root mechanisms that can access and remobilize this pool
(Richardson and Simpson, 2011; Joshi et al., 2016 Tian et al., 2020). However, the extent
to which this process occurs is expected to be low especially in systems with P availability
higher than that of plant needs (Joshi et al., 2016).
Soil properties have a significant bearing on the composition and bioavailability of
Pi in karst agroecosystems. Limestone karst systems are characterized by calcareous soils
which influence P compositions throughout the soil profile. Lehmann et al. (2005) suggests
that calcium-phosphate dynamics may control available P in soils that have large amounts
of added manure. Overall, their findings show distinct changes in P forms in combination
with longer term manure applications result in increased dilute acid inorganic P, reduction
of P retention, and an increase of leachable P in saturated soils. Wandruszka (2006)
suggests that the role of calcium carbonate in P retention by calcareous soils is significant
only at relatively high P concentration systems whereas non-carbonate clays play a more
important role in lower concentration systems. One study also suggested that in a more
calcareous environment soluble P was able to precipitate out of the soil solution in the
presence of elevated Ca and Mg levels and created a high long-term sequestration capacity
in terms of legacy P (Fenton et al., 2017).
Iron and aluminum oxides also play an important role in inorganic P compositions.
The 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑃𝑃𝑖𝑖 pool tends to be P tightly bound to Fe and Al minerals (Hedley et al.,
1982) and Joshi et al. (2016) found that for more acidic soils these minerals may be the

major P sink. Interestingly, Joshi et al. (2018) found that as soil acidity increased vertically
down the soil profile, concentrations of Al and Fe also increased, yet P concentrations
decreased. Suggesting that elements may have different effects on P concentrations
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depending on the location along the soil profile. They also found that there was no
correlation between P and other elements (Fe, Al, or Ca) in either shallow or deeper soils
of the HCl extracts. However, in both shallow and deeper soils there was evidence of
correlation between P and Fe concentration in HNO3 pool (generally recalcitrant for
microbially cycling) extracts (Joshi et al., 2018).
Anthropogenic P sources impact the distribution of inorganic P in the soil profile
of karstic environments. In agroecosystems, manure and inorganic P inputs accumulate in
near-surface soils, resulting in vertical stratification and concentrated P concentrations in
surface layers (Fenton et al., 2017; Ford et al., 2018; Joshi et al., 2018). This stratification
is caused by continued P application in excess of plant uptake requirements. The associated
time lags for the mobilization and transport of P in soils can last years to decades, allowing
for an accumulation of P in the soil profile (Powers et al., 2016). These characteristics have
been observed in karstic landscapes as well. For instance, Xiong et al. (2018) investigated
vertical soil P in a karst hillside and found that higher concentrations of TP were found in
the topsoil layer, which decreased with increasing depth.
In landscapes where phosphatic parent geological material is present, vertical soil
profiles have been observed to reflect gradients of anthropogenic to ambient P sources as
depth increases in the soil profile. Mage and Porder (2012) found soils derived from two
different parent materials had distinct differences in soil P concentration, suggesting that
geological parent materials have an effect on total soil P. This hypothesis was also
supported by Porder and Ramahandran (2012) who investigated soil P concentrations of
various parent rock materials. They found substantial variation in P concentrations
between rock type, regardless of the origin. Their findings also suggest that parent material

9

composition may influence soil P availability indirectly depending upon what other
elements it is comprised of, and that parent material may influence the distribution of P
within different soil pools. Jalali et al. (2016) suggests that soils derived of different parent
materials may demonstrate variability in contributing mechanisms to P sorption and
release within the soil. Relevant to the present study, Karathanasis (1991) studied
phosphatic limestones of the Inner-Bluegrass of central Kentucky and their role of
phosphate mineral distribution within the soil solution. They found that soils derived of
phosphatic limestone have the ability to form secondary phosphates from the interaction
of phosphate ions, released through apatite dissolution, with clay minerals surfaces.
Furthermore, they found phosphatic limestones demonstrate an increasing trend of total P
with depth. Overall, these studies support the idea that ambient geological parent material
of a system may influence P profiles and leachability.

2.1.2

Source Characterization Using the Stable Oxygen Isotope of PO4 (𝛅𝛅𝟏𝟏𝟏𝟏 𝐎𝐎𝐏𝐏𝐏𝐏𝐏𝐏 )

Given the complexity of soil P compositions in karst agroecosystems, unique
measurements such as isotope fingerprints are needed to separate ambient (background) P
from anthropogenic inputs. While stable isotope fingerprinting methodologies are broadly
applied to evaluate carbon and nitrogen source apportionment; studies of ambient
phosphorus tracing have been less abundant. In part, this reflects that P has no stable
isotopes; however, P is most commonly found in natural environments bonded to oxygen
as phosphate (𝑃𝑃𝑃𝑃4− ) (Gooddy et al., 2016). As a result, over the past 15 years the oxygen
isotopic signature of phosphate (𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4) has been increasingly used to study microbial

P cycling in soils and sediment (Tamburini et al., 2012; Tamburini et al., 2014; Joshi et
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al., 2016), accumulation of P-based fertilizers and herbicides in soils (Ford et al., 2018;
Sun et al., 2019) and source apportionment of dissolved and particulate P source and fate
in freshwater inland surface water bodies (Elsbury et al., 2009; Young et al., 2009;
McLaughlin et al., 2013; Goody et al., 2016; Pistocchi et al., 2017).
The stable isotopic signature of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑂𝑂4 is determined based on the existence of

measurable differences in the abundance of

18

𝑂𝑂 to16𝑂𝑂 atoms in the phosphate group and

is quantified using the standard delta notation as follows (McLaughlin et al., 2006;
Pistocchi et al., 2017).
( 18𝑂𝑂 / 16𝑂𝑂)𝑃𝑃𝑃𝑃4−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4−𝑠𝑠𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = �

( 18𝑂𝑂 / 16𝑂𝑂 )𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

− 1� × 1000

(2.1)

where, the subscript sample represents the sample collected and the subscript standard
represents an internationally recognized standard for phosphate oxygen isotopic
composition. The utility of the tracer is recognized because the P-O bond within phosphate
is resistant to inorganic hydrolysis at the temperature and pH of most natural systems
unless the phosphate compound is subjected to enzymatic breaking during microbial
cycling. Thus, differences or variability within 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures will either reflect

mixing of isotopically distinct sources of phosphate or alteration of the isotope signature
due to exchange of oxygen during cycling of phosphate through living cells (McLaughlin
et al., 2006). The latter occurs because phosphate cycling through living cells can result in
the exchange of phosphate oxygen with cellular water, resulting in an isotopic equilibrium
fractionation with the surrounding water. The 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values expected for temperature-

dependent isotopic equilibrium with environmental water can be determined using the
fractionation equation between water and phosphate from Chang and Blake (2015).
1000

𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 = 14.43 �𝑇𝑇+273.15� − 26.54 + 𝛿𝛿 18 𝑂𝑂𝑊𝑊
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(2.2)

where, T (℃) represents the temperature of the surrounding water, and 𝛿𝛿 18 𝑂𝑂𝑊𝑊 (‰)

represents the oxygen isotope signature of water. The fractionation equation derived by

Chang and Blake (2015) was based on a robust and controlled laboratory calibration of
equilibrium phosphate and water, catalyzed by inorganic pyrophosphatase over a range of
typical environmental temperatures. If isotopic equilibrium occurs between phosphate and
water, the oxygen isotopic composition of phosphate in natural samples will be more
reflective of temperature and 𝛿𝛿 18 𝑂𝑂 of the water. However, if isotopic equilibrium has not
occurred, then 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 will be more reflective of its parent source material and can be

used to identify isotopically distinct phosphate sources and/or P cycling in aquatic systems
(McLaughlin et al., 2006).
To help determine the applicability and success of using 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑂𝑂4 in karst

agroecosystems with phosphatic parent geological material, we reviewed studies that
identified source signatures and the impacts of equilibrium fractionation (Table 2.1). The
major sources that have been characterized and evaluated in our review were soil P pools,
wastewater treatment plant effluent, inorganic fertilizers and animal waste applied in
agricultural settings, household sewage/septic tanks, detergents, river channel bed
sediments, and various bedrock material. A common theme throughout all reviewed
studies was the assumptions and conditions that must exist for 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values to serve as

an accurate phosphate fingerprinting tool. First, prominent phosphate source inputs into a
system must be clearly identified, distinguishable, and characterized. If phosphate sources
are not easily distinguishable, then 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values may show similar ranges. Second, the
isotope signature needs to behave conservatively within the system. If rapid microbial

equilibration of the source material occurs, 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values can be subject to fractionation
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and reflect the isotopic concentration of the surrounding water instead of the original
phosphate sources.
One of the major objectives of all reviewed studies was to expand the library of
known 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values of various sources. We found that sources derived from wastewater
treatment plant effluent are regionally variable depending on phosphate dominant sources

and treatment processes (Gruau et al., 2005; Young et al., 2009; Gooddy et al., 2016;
Granger et al., 2017; Tonderski et al., 2017). Young et al. (2009) and Tonderski et al.
(2017) found 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 wastewater effluent signatures ranging from +8.4‰ to 14.2‰

which were on average lower than the range of signature values (+14.7‰ to 21.1‰)
determined elsewhere (Gruau et al., 2005; Gooddy et al., 2016; Granger et al., 2017).
Agricultural inorganic fertilizers and manure also have unique fingerprints, but a wide
range of source signatures. Gruau et al. (2005) found values ranging from (+19.6‰ to
23.1‰) for the isotope composition of phosphorites used in inorganic fertilizers near the
study site, while Young et al. (2009) provided a synthesis of fertilizers to range from
+13.3‰ to 24.9‰. Similarly, Granger et al. (2017) found a large range of inorganic
fertilizer source signatures (+13.3‰ to 25.9‰) however animal manure fell within a
narrow range of +12.0‰ to 15.0‰. The large range of values in inorganic P fertilizers
reflect the signature of the source rock used to produce the particular brands of fertilizer
(Young et al., 2009). Finally, Smith et al. (2021) found bedrock material of different
origins to have unique and distinguishable 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures. Bedrocks derived from

sedimentary rock (+24.8‰ to 10.1‰) or guano deposits (+19.5‰ to 15.0‰) illustrated
higher 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values than that of bedrocks derived from igneous rocks (+12.0‰ to -

0.8‰). Overall, our findings show that P sources display high variability in isotopic
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composition between sources and landscapes, suggesting the potential applicability of
𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 to be used as tool to trace P sources.

While fertilizer sources do illustrate distinguishable 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures, there are

mixed findings regarding the conservative nature of the source isotope signature. Several
reviewed studies suggested minimal to no fractionation occurring between 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4

source

signatures

and

the

surrounding

environmental

water,

indicating

the

conservativeness of the tracer (Young et al., 2009; Gooddy et al., 2016; Tonderski et al.,
2017), while others found source signatures to reflect equilibrium values (Gruau et al.,
2005; Granger at al., 2017). The conservative nature of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 was demonstrated by
Tonderski et al. (2017) who found that shortly after a manure application on an agricultural

site there was a significant 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 variation (+2.5‰) from equilibrium. This suggests
that samples retained the signature of the phosphorus from the applied manure and did not

establish equilibrium with the surrounding water. Gooddy et al. (2016) also demonstrated
this conservative nature by collecting river samples influenced by agricultural P sources
that displayed differences in 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values between high and low flow periods. They

found a deviation from equilibrium during both flow periods and conclude that the
difference between values could reflect the differences in the prevailing sources during
each flow period. Overall, the findings suggest that 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 may behave conservatively
to trace P sources but non-conservativeness may occur and should be evaluated for each
system.
We also explored and identified the conservative nature of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 within soil P

pools. 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 remains almost completely unchanged during sorption, desorption,

transport, and mineral transformations at temperatures below 70°C and circumneutral pH
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(pH between 6.5 and 7.5), except for short-term kinetic fractionation among P pools;
making it a reliable tracer to study P fate within soils (Joshi et al. 2018). However, we
found contrasting findings regarding the conservativeness of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 within different P
soil pools. Both Zohar et al. (2010) and Joshi et al. (2016) found that non labile soil P
fractions had 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values lighter than that of other pools and lied within the ranges of

equilibrium isotopic composition. This suggests that microbial populations may recycle
inorganic P in the soils regardless of temperature. However, Joshi et al (2016) found
evidence that the original source signature can be fully or partially retained if it transforms
into one of the recalcitrant P pools. Contrasting to both Zohar et al. (2010) and Joshi et al.
(2016), Ford et al. (2018) found soil sample 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values from the WEP pools were

0.4‰ to 4.7‰ greater than the expected isotopic equilibrium values, indicating surface
soils reflected the original P source signature. The retention of the original source signature
in the Ford et al. (2018) study could stem from the studied landscapes with high WEP
concentrations. Systems with high soil P concentrations are not P-limited and therefore
may not undergo biological cycling of P as quickly as P-limited systems (Gross et al.,
2015). Overall, 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 may act conservatively for labile P pools in agricultural systems

with higher concentrations of background or legacy P.
2.2
2.2.1

Flow Pathway Dynamics in Karst Watersheds
Karst Hydrogeology
Flow pathways in karst landscapes are dominated by secondary and tertiary

porosity features such as macropores, fractures, and conduits that produce low resistance
pathways for water transport (Husic et al., 2017). This unique hydrogeological terrain
creates high interconnectivity between surface and ground water regimes often resulting
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in a very heterogenous and dynamic flow system that can serve as an ecosystem control
point for biogeochemical transformations (Aquilina et al., 2006; Ford et al., 2019).
Currently karst systems remain understudied due to their complexity and lack of extensive
databases (Hartmann et al., 2014). This section will provide an overview of the geological
makeup and formation as well as hydrogeological characteristics of karst landscapes.
Karst formation typically occurs from the dissolution of soluble bedrock such as
limestone, dolomite, and gypsum (Rosenberry et al., 2008). However, rock solubility alone
is insufficient to produce fluvial karst features (Ford & Williams, 2013). Rock structure
and lithology also play a role in karst formation. Landscapes consisting of dense, massive,
pure, and coarsely fractured rocks are more prone to karstic development and the amount
of seasonal water storage within karst was found to be highly dependent upon the systems
lithology (Champollion et al., 2018). It is also evident that the bedrock material of a karst
system may have a hydrological control on the system. Champollion et al. (2018)
determined that dolomite karst systems revealed longer transfer times where limestone
karst systems revealed shorter transfer times. The primary features of karst formation are
created by either erosional or depositional processes. Depositional features are created via
processes of new karstic rock accumulations from mineral matter deposits whereas
erosional features are created via the net removal of karst rocks by dissolution alone. Most
dissolution during erosional processes occur at or near the bedrock surface where it is
manifested as surface karst landforms (Ford & Williams, 2013). It is possible for karst
development on lithologies other than carbonite or evaporative rocks, but this depends
largely on the efficiency of the processes that are competing with dissolution in the
particular environment. If the competitors are very weak, smaller-scale karst features can
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develop on lower solubility rocks and even on polyminerallic rocks such as granite and
basalt (Ford and Williams, 2013). When there is a sufficient hydraulic gradient, a turbulent
flow can be formed capable of flushing grains and enlarging conduits by a combination of
both dissolution and mechanical erosion creating a fluvio-karst landscape (Ford &
Williams, 2013).
Karst landscapes have a distinct set of physical features that impact hydrological
pathways (Figure 2.1). Fluvial karst systems are recognized to have a branching network
of conduits that act as a subsurface stream network. These conduits can grow in size
through a complex hydraulic and chemical feedback loop (Rosenberry et al., 2008).
Typically, larger conduits will act as the main drains for the system that captures ground
water from nearby fractures, smaller conduits, and the surrounding aquifer matrix.
Depending on their size, conduits have the ability to transport water and sediment rapidly
(Rosenberry et al., 2008). Springs are the groundwater-surface water interface where
conduit flow is discharged to a surface waterbody and are characterized as either regional
or local depending upon the location of minimum hydraulic head in the aquifer as well as
perennial or ephemeral on continuity of spring discharges (Keagy et al., 1993; Rosenberry
et al., 2008). Many karst systems express a distributary flow pattern where discharge
occurs through multiple spring outlets (Rosenberry et al., 2008). The difference in spring
elevation within a system may also play a crucial role on system hydrology. It was found
that higher elevation springs have lower baseflow discharges, relative to peak flow, than
lower elevation springs (Tobin et al., 2016). Seeps are another groundwater-surface water
interface characterized by predominantly wet areas that have small catchment areas
draining perched groundwater (Keagy et al., 1993). Sinkholes are depressions or holes in
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the ground caused by some form of collapse of the surface layer that provide a direct route
for surface water to enter subsurface conduits. Dolines are a type of sinkhole found in karst
landscapes and consist of a closed surface depression with no obvious natural hole for
water to pass into (Keagy et al., 1993). Swallets are throat like openings along streams
and sinkholes that provide a direct pathway for surface flow into underground conduits
(Currens, 2002).
While some hydrogeological features are similar across all karst aquifers, karst is
highly heterogenous depending on spatial variability in parent geological material and
karst maturity. Maturity is dependent on how long the karst topography has had to evolve
overtime. The evolution of karst stages can span millions of years. Mature karst systems
typically have larger and more dominant sinkholes, more caves present, and develop more
sinkholes per year (Benson, 2016). Karst systems mature and evolve via a combination of
dissolution, erosion, and invasion. Benson (2016) illustrates that karsts evolve in order of
development of: (1) secondary porosity development and fractures, (2) tertiary porosity
and open fracture development, (3) large conduit formation, (4) large cavern formation,
(5) collapse, resulting in dry abandoned caves. Because karsts display different features at
different stages of maturity, immature and mature karst can differ in flow dynamics. Karst
systems are also highly heterogeneous regarding the type of parent geological material.
Karstic rocks can consist of limestone, dolomite, gypsum, or other carbonate and
evaporative rocks (Ford and Williams, 2013). Overall, the distinct nature of karst geology
and geomorphology creates high spatial heterogeneity within the subsurface and very
complex conduit networks. This leads to highly dynamic variability of hydrological
processes in both space and time (e.g., Mudarra and Andreo, 2011). This heterogeneity
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makes characterization of the functioning of these complex systems a challenge (Chen et
al., 2018).
Overall, karst landscapes have unique hydrological characteristics that distinguish
them from non-karst systems. The typical karst system is conceptualized as having three
main areas or zones (Aquilina et al., 2006). These zones and the hydrological processes
that take place within each zone are illustrated in Figure 2.1. First is the non-karst recharge
area or an area of low permeability and soil overlying or juxtaposed to the karst layers.
This area is where runoff and infiltration processes will occur as well as temporary water
storage within soils. Next is the epikarst zone which is a subsurface water-absorption zone
subject to extreme weathering. The epikarst zone typically plays the role of delaying karst
recharge and acts as a dynamic zone responsible for water transfer and storage during
moderate to extreme events (Aquilina et al., 2006; Champollion et al., 2018; Ford et al.,
2019; Husic et al., 2019). During high flow periods the epikarst region is enabled, resulting
in shorter residence times of water and a piston like function (Aquilina et al., 2006). The
final zone is classified as the saturated karst, or phreatic zone and extends below the water
table (Fiorillo, 2014). The phreatic zone receives discharge via seepage or large conduits
from the epikarst and often has a large main conduit that supplies the primary basin outlet.

2.2.2

Hydrograph Separation Techniques
Two prevailing data-driven methodologies for hydrograph separation analyses in

karst landscapes include hydrograph recession analysis and hydrograph separation using
chemical and isotopic tracers. The following paragraphs provide a summative review of
each approach.
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Hydrograph separation via recession analysis has been successfully used in a
variety of karst landscapes (Mellander et al., 2012; Mellander et al., 2013; Jarvie et al.,
2014; Ford et al., 2019; Husic et al., 2019). This technique involves conceptualizing the
receding limb of a hydrograph as the drainage of a series of reservoirs within the system
(Husic et al., 2019). These reservoirs are distinguished by hydraulic conductivity and
storage volumes (Nazari et al., 2020). Hydrograph recession can either be used to develop
a master recession curve for a site by compiling events via a long-term database or applied
on an event-by-event basis. Developing a master recession curve can help identify and
assess prominent pathway reservoirs whereas, recessions of individual events can help
assess within reservoir temporal loading dynamics by providing a continuous time series
of discharge (Ford et al., 2019). Hydrograph recession is performed by first identifying
hydrological events within a system and plotting the falling limbs of the hydrographs on a
logarithmic scale (Nazari et al., 2020). Next, linear curves can be manually fit on reservoirs
and inflection points of the linear trends can be determined. A linear increase in slow flow
occurs from the beginning of the rising limb of the hydrograph (start of quick flow) to the
inflection point on the falling limb (end of quick flow) (Husic et al., 2019). This method
assumes an instant response in baseflow to the hydrological event. Pathways are identified
along the falling limb as one or more break points indicated by a change in recession along
the time-series (Mellander et al., 2012) and are typically determined using the constant
slope method (Fiorillo, 2014). Overall, hydrograph separation via recession analysis is an
applicable technique to distinguish between hydrological pathways in a karst landscape
but may have limited distinguishability between reservoirs in less mature systems (Ford et
al., 2019).
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Coupling hydrochemical tracers with end member mixing analysis has been found to
be an effective hydrograph separation technique to apportion water sources (Schilling &
Helmers, 2008; Jarvie et al., 2014; Smith & Capel 2018, Wang et al., 2020). We discovered
the use of several chemical tracers as effective hydrological tracers including specific
conductivity, chloride, nitrate (Schilling & Helmers, 2008; Smith & Capel 2018), water
isotope compositions (Doctor et al., 2006; Klaus & McDonnel, 2013: Williams et al.,
2016), soluble reactive P, total P, rubidium, potassium, and calcium (Jarvie et al., 2014).
Coupling unique tracers can be used to partition rainwater (new water) from ground water
(old water) within a karst or subsurface network (Wells et al., 1991; Schilling & Helmers,
2008; Williams et al., 2016) however is very simplistic and lacks the ability to include
other interactions or zones that could be contributing water (Schilling & Helmers, 2008).
Furthermore, to estimate source contributions within water sources an end member mixing
analysis can be conducted using distinct tracers (Doctor et al., 2006). Each endmember or
source requires significant differences in isotopic signatures or concentrations. Once
endmembers have been identified, a system of equations can be solved. If the number of
sources (n) are equal to or less than the number of tracers selected than the mass-balance
unmixing problem is deemed an over determined problem. The over-determined unmixing
system of equations can be solved utilizing a frequentist approach based on error
minimization (Davis & Fox, 2009: Ford et al., 2020). The frequentist approach offers the
advantage of using the fairly well-known least squares statistic as the underlying method
and is based on few input parameters (Davis and Fox, 2009).
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2.3

Dissolved Reactive P Source Dynamics in Karst Agroecosystem Watersheds
Flow pathway dynamics have significant impacts on dissolved reactive P (DRP)

composition and loading in karst agroecosystem watersheds and differs in systems with
contrasting parent geological material. DRP is often found to be more concentrated in
quick flow than in intermediate or slow flow pathways in agroecosystems, as a result of
high connectivity of the stream network to surface soil P through macropores and overland
flow (Mellander et al., 2013; Jarvie et al., 2014; Ford et al., 2018). However, results have
differed, particularly for slow flow pathways depending on parent geological material.
Numerous studies on P transport in karst watersheds suggest P attenuation processes
including precipitation and adsorption in subsurface karst features result in low P
concentrations at springs even in highly disturbed agroecosystems (Alloush et al., 2003;
Mellander et al., 2012; Mellander et al., 2013; Jarvie et al., 2014; Fenton et al., 2017). This
P buffering capacity of the system suggest that elevated levels of DRP during quick flow
are more reflective of elevated surface P levels. In contrast, karst landscapes underlain
with phosphatic limestones may be high in leachable P throughout the soil profile and in
subsurface conduit sediments, and thus may have limited retention capacity (Ford et al.,
2019). Ford et al. (2019) also found evidence in these landscapes to support the prevailing
theory that increasing connectivity of subsurface pathways to P-rich surface soils via
preferential pathways will bypass the filtration capacity of soils and the epikarst matrix
similar to the findings of Mellander et al. (2013) and Jarvie et al. (2014). Nevertheless, the
high concentrations under low flow conditions led to slow flow having significant impacts
on P loading and brings into question the prominent source of P in environments with
phosphatic parent materials.
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Spatial variability of springs and hydrological features may also play a role in
phosphorus dynamics in karst systems. Jarvie et al. (2014) found differing net P retention
capabilities at various studied springs, suggesting the type of spring may influence its P
attenuation potential. Perennial springs may have a greater impact on surface-water quality
because they typically have large catchment basins that extend beyond that of the surface
drainage basin (Keagy et al., 1993), indicating they are capable of receiving P inputs from
a much larger area. Ephemeral springs are fed water via the epikarst zone or water on the
bedrock surface and may only release contaminants as a concentrated pulse in relation to
precipitation events. Overall, the spatial variability and temporal heterogeneity make
differentiating anthropogenic and ambient DRP sources at the watershed-scale a difficult
problem in karst environments.
To further investigate the distinguishability of DRP sources in karst agroecosystems
we reviewed recent applications of using 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 as a tracer of DRP (Table 2.1). We

found a wide range of reported 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures for both ground and stream water. This

range seemed dependent upon the landscape of the study and the source inputs to the
system. For example, Gooddy et al. (2016) found 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values within the studied river

to be higher (+16.2‰ to 19.0‰) during times of high flow compared to times of low flow
(+14.7‰ to 16.7‰). This variation suggests the 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 of DRP in river catchments is

reflective of DRP sources entering the system. Several of the reviewed studies suggested
minimal to no fractionation occurring between 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures of DRP and the

surrounding environmental water, indicating the conservativeness of the tracer (Elsbury et
al., 2009; Young et al., 2009; Li et al., 2011 Gooddy et al., 2016; Tonderski et al., 2017;

Ford et al., 2018). However, Li et al. (2011) found that 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures from a pristine
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site with lower background P concentration levels were close or equal to equilibrium.
Similar to soils, this suggests that the cycling of P may occur at a faster rate in waters with
low DRP concentrations. Overall, our findings suggested that 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 of DRP acts as a

conservative tracer in agriculturally influenced freshwater systems and has high perceived
efficacy for source differentiation in P-rich environments.
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2.4

Tables and Figures

Table 2.1. Literature review table of studies that use the oxygen isotope of phosphate and
the role fractionation had on the isotope.
Reference

Landscape

Ford et al.
(2018)

Tile-drained
agricultural field,
somewhat poorly
drained clay-loam
soils

Predominantly
improved agricultural
grassland with
Granger et al.
scattered farmsteads,
(2017)
poor drained clay rich
soils

P Sources

Samples
Soils

WEP

18.3‰ (0-5cm) and
18.4‰ (5-20cm)

Tile water

DIP

16.3‰ on average

Poultry Litter

Waste water treatment plant effluent

16.4‰ to 17.8‰

Dairy factory effluent

16.5‰ to 17.8‰

Mains tap water

17.8‰ to 18.4‰

Agricultural inorganic fertilizers

13.3‰ to 25.9‰

DIP

Animal waste

20.5‰ to 21.1‰

River channel bed sediments

16.7‰ to 17.6‰

River catchment tributaries

17.1‰ to 18.8‰

Low flow

Sub-tropical
Phosphate fertilizers
freshwater wetland: a leached from soils
highly polluted
and biologically
Li et al. (2011)
agricultural site and a
cycled P derived
relatively pristine
from decomposition
wetland
of organic matter

Mainly forested and
grasslands with some
Wastewater
farmland and
treatment plant
wetlands, cambisol
effluent and diffuse
Pistocchi et al.
soils, river sediments
sources from
(2017)
are calcium carbonate
agricultural and
rich and dominated by
forested lands
loamy and sandy
materials

Mixed agricultural
sources and rural
household sewage

14.7‰ to 16.7‰
DIP

High flow

Anthropogenic
Heavily agricultural
Artificial phosphate phosphate fertilizers
region, high swine
fertilizer and animal
population, sensitive
Waste water treatment
manure
to eutrophication
plant effluent

Small agricultural
catchment, bedrock
composed of
paleoproterozoic
Tonderski et al.
granites and
(2017)
pegmatites, soils
dominated by clay
with patches of
moraines

12.0‰ to 15.0‰

Domestic septic tanks

Predominantly rural
with scattered
Agricultural Sources
settlements, underlain
and Rural
by thick clay
Gooddy et al.
wastewater
formation, some
(2016)
treatment works
groundwater
effluent
discharge to surface
water occurs

Gruau et al.
(2005)

P Pools
Isotope Signatures
Analyzed

Surface water

16.2‰ to 19.0‰

19.6‰ to 23.1‰
DIP
16.6‰ to 18.1‰

DIP

River bed sediment

Wetland soil

20.0‰ to 25.5‰

12.2‰ to 15.8‰

HCL-P

11.8‰ to 18.3‰

Lake sediment

12.9‰ to 13.9‰

Stream water

10.3‰ to 15.8‰

Septic tank effluent
Agricultural drainage
well
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DIP

13.2‰ to 14.5‰

7.8‰ to 15.7‰

Fractionation Impact
Partial equilibrium
during unsaturated
flow; larger variabilty
during saturated flow

Within-river microbial
cycling rapidly removed
the majority of original
source isotope values

Evident variation
between water and
source effluent suggest
source signature
retension

Minimal deviation from
equilibrium suggests
biological cycling
occurred
Biological cycling did not
occur rapidly enough to
remove source
signatures within the
polluted area however
isotope values within
the pristine area
approached equilibrium

Sediments upstream
deviated from isotopic
equilibrium but samples
at the outlet were
realtively close to
equilibrium

Majority of isotope
samples were not in
equilibrium with
surrounding water

Table 2.1. (continued)

Young et al.
(2009)

Elsbury et al.
(2009)

Various freshwater
environments

Western and Central
basins of Lake Erie

Fertilizers

13.3‰ to 24.9‰

Soil and vegetation leachate

14.2‰ to 23.1‰
DIP

Wastewater treatment plant effluent

8.4‰ to 14.2‰

River and groundwater

9.2‰ to 16.4‰

Various unknown
sources

Lake water

10.0‰ to 17.0‰
DIP

Riverine water

11.0‰ on average

Most isotope values
from river and
groundwater samples
were not in isotopic
equilibrium

Isotopic values were
largely out of
equilibrium with
ambient conditions

WEP

Joshi et al.
(2016)

Agricultural site used
for corn and soybean, Inorganic phosphate
dominant soil order is
fertilizers
Ultisol

Soils

Exact values not
reported; after P Isotopic values became
application all pools
overprinted and
isotopic values
approached equilibrium
NaHCO3-P
except HCL-P
over a long period of
became lighter and
time but source
WEP reached
signatures were
NaOH-P
equilibrium at day partially retained if they
155. HCl-P
transformed into
ultimately became
recalcitrant P pools
HCL-P
heavier by day 155.
WEP

Zohar et al.
(2010)

Agricultural plots; soils
Reclaimed wastewater NaHCO3-P
Inorganic phosphate
were of calcium
(RWW) and freshwater
fertilizers
alluvial clay
(FWF) irrigated soils
NaOH-P
HCL-P

Sedimentary bedrock

Smith et al.
(2021)

Various locations

Various types of
bedrock of different
origins

Guano deposit

Igneous bedrock
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18.5‰ (RWW);
10.7‰ (FWF)
20.3‰(RWW);
19.0‰(FWF)
9.1‰(RWW);
7.8‰(FWF)
6.3%(RWW);
7.7‰(FWF)
24.8‰ to 10.1‰

DIP

19.5‰ to 15.0‰

12.0‰ to -0.8‰

Isotopic values of WEP
reflect equilibrium
conditions; NaOH and
HCl do not retain
original source
signatures
Sedimentary and guano
deposit samples are
strongly influenced by
microbial uptake and
enzymatic breakdown
of P resulting in near
equilibrium values,
whereas igneous
bedrocks are often
distinct from isotopic
equilibrium.

Figure 2.1.Illustration of different hydrological karstic zones and processes occurring
within each zone.
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CHAPTER 3. METHODOLOGY
3.1

Study Site
To achieve the objectives of this study, the Camden Creek watershed located in

Woodford County, Kentucky was selected. This watershed was chosen because: 1) it
exemplifies karst heterogeneity through the region given it has a range of active seeps, as
well local ephemeral to regional phreatic springs (Keagy et al., 1993), 2) a long-term
historic water quality dataset was collected within the watershed, allowing us to
contextualize results from the present study, 3) similar land use practices are present within
and outside the watershed boundaries and detailed historic and current agronomic
management practices are recorded for the site, enabling us to characterize P inputs into
the system, 4) previous dye traces have been conducted on the property, providing insight
into subsurface flow pathways and drainage areas.
The Camden Creek watershed lies within the Inner Blue Grass physiographic region
of Kentucky and drains a large portion of the C. Oran Little Research Center (LRC) farm
(Figure 3.1). Dye traces conducted in the watershed have revealed spring and sinkhole
connectivity creating a cumulative watershed area of 1,069 ha, extending far beyond the
surface watershed area of 771 ha (Keagy et al., 1993). The region is characterized by a
temperate Midwestern U.S. climate with four distinct seasons including warm summers,
moderately cold winters, and transitional seasons of spring and fall. During the period of
this study the average rainfall in the area was 1,296 mm per year and average annual
temperature was 13.1 degrees Celsius (NOAA, 2021). The watershed is characterized by
broad, shallow sinkholes; low relief, broad valleys and ridges; sparse outcrops; thick,
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fertile phosphatic Ordovician limestone; and shale residuals (Keagy et al., 1993). The
NRCS SSURGO soil classification in the area indicates predominantly Hagerstown and
Maury silt loam soils (Figure 3.2) (NRCS—2019). The study area is almost entirely
underlain by Ordovician-aged rocks (Figure 3.3), predominantly Lexington Limestone.
The limestone members include Devils Hollow, Tanglewood, Brannon, and Grier (Ford et
al., 2019). Most soils have formed over the Tanglewood member while the regional water
table exists within the Grier member. Land use in the Camden Creek watershed is
agricultural dominated consisting of precision and site-specific agricultural operations and
has historically included tobacco, row crops, small grains, and animal research plots.
Surrounding landscapes are predominantly horse pasture with sparse residential
development (Ford et al., 2019). Both organic and inorganic fertilizers were historically
applied on fields where cultivated operations take place. Tobacco received both N and P
inorganic fertilizer, and various fields receive swine and dairy manure applications. While
inorganic N is still applied, inorganic P sources are no longer applied.
Fourteen springs have been identified on LRC, including ephemeral, local perennial,
and regional perennial springs. In portions of the watershed, a lack of complex conduit
architecture and resurgent stream channels results in local ephemeral springs that drain in
the upper portion of the epikarst, as opposed to connecting to deeper conduits (Ford et al.,
2019). Local Ephemeral springs typically receive discharge from the bedrock surface,
epikarst zone, or water perched upon insoluble units (Keagy et al., 1993). These local
ephemeral springs discharge most of the year, but may halt during extended dry periods
(SP4, SP11, SP15, SP6, SP8). Some very local ephemeral springs exist, which display
discharge only following heavy precipitation and typically only extend 300 to 600 feet
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from the spring orifice. Other portions of the watershed have more mature conduit
architecture and drain through local and regional perennial springs. Spring heterogeneity
can be identified across the watershed as some springs have larger conduits and contribute
greater discharge to the watershed (SP2 and SP7) than springs with smaller conduits (SP6
and SP1). The spring at SP2 can flow under artesian conditions, where its conduit rises to
the elevation of the stream bed to form a “blue hole” spring.
3.2

Data Collection and Analysis
The overall goal of this study aimed to investigate and advance techniques for

quantifying dissolved reactive phosphate source apportionment in karst watersheds located
within the Inner-Bluegrass region of Kentucky as well as to expand the knowledge of
phosphate fate and transport within these systems. We set clear and obtainable study
objectives that would allow us to achieve our project goal. These objectives were met by
the implementation of both event-based and spatial data collection methods. Samples
collected were processed and analyzed for specific elemental and isotopic compositions to
characterize and assess source composition and variability within these systems.
Analytical methods were implemented to characterize flow pathway dynamics and source
water controls on event-scale DRP concentrations, typical of karst agroecosystems in the
region.

3.2.1

Spatial Elemental and Isotopic Composition of Soils
In May of 2019 soil pits were collected at three different locations within the

Camden Creek watershed by Dr. Chris Shepard’s research team. Two of the locations were
sinkholes located near livestock located on C. Oran Little property (one near a horse
30

pasture and the other near cow pasture), while the third location was an actively sinking
sinkhole near a cultivated row-crop area. Sample pits were collected at each location along
several different slopes to inspect the lateral variation of the soils over a hillslope profile
(summit, shoulder, side slope, toe slope, and foot slope) as well as sampled following
methods discussed in Schoeneberger et al. (2012) for horizon sampling. This resulted in
several soil pits along the slope at each location with each pit containing a soil depth
exceeding 100cm to capture the soil horizons. After collection, samples were brought back
to the lab, air dried, sieved (2mm mesh), and stored at room temperature in sealed plastic
containers until further analysis. In total, 71 soil samples were collected and analyzed.
Each soil sample was analyzed for water-extractable phosphate (WEP) at the
Kentucky Geological Survey. Water extractable orthophosphate was chosen because
previous studies have expressed it as a direct measure of soil solution P concentration and
have found strong correlations between soil WEP and runoff dissolved reactive
phosphorus concentration (Ford et al., 2019 and Pote et al., 1996). WEP was determined
in each sample following methods discussed in Self-Davis et al. (2000). First, 20ml of DI
water was added to a 50ml centrifuge tube with 2ml of soil. This mixture was shaken for
one hour and then centrifuged at 3500rpm for 30 minutes. Next, the samples were filtered
using a GF/F filter (0.4 µm pore size). Immediately following filtration, filtered water was
retained and sent to Kentucky Geological Survey for orthophosphate analysis. The samples
were analyzed colorimetrically at 880 nm within 28 days following EPA method 365.3
(U.S. EPA, 1978).
In addition to WEP, soil samples were also analyzed and processed for other
elemental compositions including acid extractable phosphorus, potassium, calcium,
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magnesium, and zinc at the UK CAFE Division of Regulatory Services. Briefly, samples
were processed in a Mehlich III extract which contains 0.2 N acetic acid, 0.25 N NH4NO3,
0.015 N NH4F, 0.013 N HNO3, and 0.001 N EDTA. Twenty ml of Mehlich III extract was
added to 2 cm3 soil, shaken for 5 minutes, and immediately filtered through Whatman #2
filter paper. Filtration was terminated at the end of 10 minutes. The filtrate was then
analyzed via ICP (inductively coupled plasma spectroscopy). The analytes were reported
as lbs of nutrient / acre of land. This method assumes that an acre of land contains 2 million
pounds of soil, and the density of air-dried ground soil is 1 g/cm3.
Soil samples analyzed for WEP were processed and analyzed for 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 at the

Nebraska Water Sciences Laboratory. Depending on WEP concentration, water extractions
were performed on sufficient soil to ensure 0.2 mg P or higher were available for
processing. Deionized water was added to the soil in a 1:10 ratio (g of soil: ml of DI water).
Samples were shaken, centrifuged, and filtered using GF/F filter paper (0.7 µm pore size).
To limit organic matter interference, we removed humic acids from the soil extract solution
(Nebraska Water Center, 2019). This process was conducted by decreasing the pH of
filtered water to <1 by addition of nitric acid (10M) drop by drop, and measurement using
a pH electrode. Samples were then placed in a laboratory fridge to allow humic acids to
precipitate overnight. Once precipitated, samples were vacuum filtered and humic acids
were discarded.
A magnesium-induced co-precipitation (MagIC) treatment technique adapted from
Karl and Tien (1992) and Joshi et al. (2018) was used to concentrate WEP in a brucite floc.
This process began by the addition of 𝑀𝑀𝑀𝑀(𝑁𝑁𝑂𝑂3 )2 to achieve a 50 mM concentration in the
sample and the addition of 1M NaOH to the sample until the sample reached a pH of 10
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or higher. Next, the samples were shaken, inverted and then stored in the lab refrigerator
to precipitate phosphate as a brucite floc for at least one hour. Once precipitated, water
was siphoned and discarded, and the remaining brucite floc (MgOH) was retained in a
250ml polypropylene centrifuge bottle. Floc was then centrifuged for 30 minutes at
3500rpm. After centrifugation, the supernatant was discarded, and the floc was
consolidated in a single bottle per sample. To ensure complete precipitation of phosphates,
random samples were selected and the supernatant from these samples was sent to
Kentucky Geological Survey for orthophosphate analysis. Finally, 𝐻𝐻𝐻𝐻𝐻𝐻3(0.5 N) was

added to partially dissolve pellets, keeping the volume of acid as low as possible. This
phosphate pellet/acid mixture was poured into a 50mL tube and stored in the freezer until
departure to Nebraska Water Center.
Upon arrival at Nebraska Water Center, samples were thawed and analyzed for
𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 following methods discussed in McLaughlin et al. (2004). The brucite floc was

dissolved by adding 4 ml of acetic acid (10%), 2 ml of nitric acid (1M), and 2 ml of
potassium acetate (0.5M). Samples were allowed to sit for at least 30 minutes or longer
(depending on how long the floc took to dissolve) and 20 ml of DI water was added. A
cerium nitrate solution was then added to the samples to precipitate cerium phosphate, and
the samples sat overnight (up to one week). The solution was then centrifuged, and the
supernatant discarded as waste. The cerium phosphate solution was then repeatedly rinsed
with potassium acetate (0.5M) and centrifuged to ensure removal of any chloride ions. The
rinsed cerium phosphate solution was then dissolved by the addition of 4ml of nitric acid
(1M), and 4.5 ml of conditioned cation exchange resin (Dowex 50W X-8) was added to
remove cerium ions. The sample was placed on a shaker table overnight and the water was
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separated from the resin. The solution was then brought to a pH of 7 by the addition of
1ml of ammonium nitrate (3M), and 0.5 g of silver nitrate was dissolved to precipitate the
silver phosphate solution. The sample was vacuum-filtered and dried in an aluminum dish
on silver filters at 105°C overnight.

3.2.2

Historical Spatial water Quality Dataset
A long-term monitoring effort was previously conducted at both stream (ST) and

spring (SP) locations in the Camden Creek watershed (Fogle et al., 2003; Ford et al., 2019).
Sites monitored included stream sites ST1 (watershed outlet), ST5 (major tributary
draining to the main stem), ST4 (upstream of the confluence of the main stem with ST5),
and ST8 (upstream boundary of the main stem) and several spring sites within Camden
Creek watershed (SP1, SP2, SP3/4, SP6, SP8, and SP11) as well as one spring located
outside the watershed boundary but within LRC farm property (SP15).
A periodic grab sampling effort was implemented, beginning in October 1996 and
concluding in June 2007. Spring sites were generally sampled once every four weeks and
stream sites were sampled biweekly. Long-term records from the spring sites were
primarily from local perennial and local ephemeral systems (SP1, SP3, SP6, SP11, and
SP15), whereas regional perennial springs (SP2 and SP7) were sparsely monitored due to
logistical issues of monitoring at the spring orifice. In total, analysis was performed on
679 grab samples collected across spring sites SP1 (n=114), SP11 (n=110), SP15 (n=89),
SP2 (n=67), SP3 (n=116), SP6 (n=67), and SP8 (n=112). Samples were analyzed for
dissolved reactive orthophosphate (DRP) colorimetrically at 630 nm for a 1‐ml filtered
split within 28 days of sample collection (D'Angelo, Crutchfield, & Vandivere, 2001; Ford
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et al., 2019). Furthermore, flow data was monitored at ST1 from October 1996 through
September 2006 and periodically at other stream sites (ST4, ST7, and ST8) during this
time period (Ford et al., 2019; Bunnell 2020).

3.2.3

Event-based and Spatial water Quality Data
An ISCO 6712 Avalanche portable refrigerated water sampler was installed at the

watershed outlet stream site, ST1. The Avalanche is capable of delivering 48 hours or more
of refrigeration via a 12-volt deep cycle battery or AC power. The installed refrigeration
unit is capable of maintaining samples at 3°C ± 1 until time of collection, reducing the
chance of biological fractionation, and preservation of the original source isotope
signatures. To maintain the high-power consumption that is required to keep the ISCO
6712 Avalanche running, a 235W solar panel, charge controller, and two 105Ah 12V deep
cycle batteries in parallel were installed on site (Figure 3.5). This setup allowed for
continuous sampling and refrigeration during each programmed sampling routine.
Event-based samples were collected at ST1 via the ISCO 6712 Avalanche sampler.
Four events were collected between January 2020 and April 2020 (Table 3.1). Prior to an
event, the avalanche sampler was programmed to sample sequentially in a 14 x 950 ml
bottle configuration. All bottles were sanitized in the lab prior to deployment via a
phosphate free detergent, 10% HCl acid bath, and DI rinse. Total volume collected for
each sample was set to 850 ml to avoid overfilling bottles. Time between individual sample
collection was set at 6-hours for events 1-2 and 4-hours for events 3-4. Sample collection
occurred in-stream via a Teledyne 3/8-inch weighted polypropylene strainer attached to
the end of the sampler tubing (mounted in stream 23 cm above the channel bed). Once an
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event-based sampling routine concluded, samples were collected, immediately placed on
ice, and returned to the laboratory where they were filtered using GF/F (0.7 µm pore size)
filters and were then placed in a laboratory refrigerator (maintained at 4°C) until further
processing. Filters used during this process were dried and weighed to determine total
suspended solids in each sample following EPA methods (EPA Method 160.2)
Spatial grab samples were collected four times between January 2020 and April
2020 at various spring locations throughout the watershed (SP1, SP11, SP15, SP3, SP4,
SP2, SP8, SP6, SP7) (Figure 3.6) as well as the watershed outlet stream site (ST1). While
an attempt to collect a sample at each site was conducted during each trip, not all springs
were sampled due to their ephemeral nature. Spatial samples were collected by inserting
an acid-washed 4L polypropylene bottle into the spring outlet and collecting water. Once
full, the bottle was capped and placed into an iced cooler. During water collection, a
calibrated YSI EXO2 was used to determine instantaneous conductivity, temperature,
dissolved oxygen, turbidity, pH, fDOM, and pressure measurements. Sampling time at
each spring was manually recorded. Once all spring and stream sites had been sampled,
all samples were immediately brought back to the lab, filtered using GF/F (0.7 µm pore
size) filters, and placed in a laboratory refrigerator (maintained at 4°C) where they were
stored for further processing. Filters used during this process were dried and weighed to
determine total suspended solids in each sample following EPA methods (U.S. EPA,
1971).
Both event-based and spatial samples were analyzed for orthophosphate (DRP),
nitrate (𝑁𝑁𝑁𝑁3 − ), 𝛿𝛿 2 𝐻𝐻, 𝛿𝛿 18 𝑂𝑂𝐻𝐻2𝑂𝑂 , and 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 . Filtered samples were separated into 4 splits:
1) a 2-ml split (in 2-ml clear glass vials) to be sent off to the Kentucky Stable Isotope
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Geochemistry laboratory for water isotope (𝛿𝛿 2 𝐻𝐻 and 𝛿𝛿 18 𝑂𝑂𝐻𝐻2𝑂𝑂 ) analyses, 2) a 50-ml split

(in a 50-ml conical-bottom centrifuge tube) to be sent to the Kentucky Geological Survey
laboratory for nitrate analysis, 3) a 50-ml split (in a 50-ml conical-bottom centrifuge tube)
to be sent to the Kentucky Geological Survey laboratory for orthophosphate analysis, and
4) remaining volume split (in a sterilized 4L polypropylene bottle) for 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis

preparation that would later be sent to the Nebraska Water Center. The remaining volume
split typically contained a volume of 750-3850 ml depending on if it were a spatial grab
or event-based sample. Samples were composited for the events to ensure sufficient mass
of PO4 during the 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis.

The two 50-ml sample splits sent to Kentucky Geological Survey were analyzed

for nitrate and orthophosphate. Orthophosphate was analyzed using the same methods
discussed in section 3.2.1. The 50-ml splits to be tested for nitrate, were analyzed via ion
chromatography following EPA method 9056A (U.S. EPA, 2007) on a Dionex Ion
Chromatograph within 28 days, except for samples from event 4 which were collected at
the start of the Covid 19 pandemic. For the nitrate analysis, a small volume of the sample
was injected into the ion chromatograph to flush and fill a constant-volume sample loop.
The sample was then injected into a flowing stream of carbonate-bicarbonate eluent.
Anions are eventually separated, and their acid forms are measured using an electrical
conductivity cell. Anion identification is based on the comparison of analyte signal peak
retention times relative to those of known standards (Kentucky Geological Survey, 2009)
The 2-ml sample splits sent to Kentucky Stable Isotope Geochemistry laboratory
were first filtered with 0.45-micron or 0.2-micron syringe filters to remove any remaining
particulates and then analyzed using a water isotope analyzer. The samples were analyzed
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on a Los Gatos Research (LGR) TLWIA-45-EP triple liquid water isotope analyzer. This
instrument functions on the principle of off-axis integrated cavity output spectroscopy
(OA-ICOS), in which an aerosolized water sample is admitted into a cavity where a laser
is reflected between highly reflective mirrors many thousands of times. The absorption of
certain laser wavelengths by the hydrogen and oxygen isotopologues of the same gas are
used to measure the near-absolute quantities of 2-H relative to 1-H, or 18-O relative to 16O. Regarding our specific samples, nine consecutive 1200-nanoliter aliquots of each
sample were injected via an autosampler into a heating block where they are aerosolized
and then admitted into the measurement cavity. The first four aliquots were used to
mitigate between-sample memory effects and their isotopic values ignored. Raw hydrogen
and oxygen isotopic data were normalized to the VSMOW-SLAP (Vienna Standard Mean
Ocean Water-Standard Light Antarctic Precipitation) scale using two different certified
standards with contrasting values: USGS49 Antarctic Ice Core Water (𝛿𝛿 2 𝐻𝐻𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =

– 394.70 ‰, 𝛿𝛿 18 𝑂𝑂𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =– 50.55 ‰)

and

USGS50

(𝛿𝛿 2 𝐻𝐻𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = +32.80 ‰, 𝛿𝛿 18 𝑂𝑂𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = +4.95 ‰).

Lake

Kyoga

Multiple

Water

in-session

measurements of a third blind standard, USGS45 Biscayne Aquifer Drinking Water
(𝛿𝛿 2 𝐻𝐻𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =– 10.30 ‰, 𝛿𝛿 18 𝑂𝑂𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =– 2.24 ‰), were used to evaluate the

precision and accuracy of the isotopic data.

3.2.4

High-Frequency Continuous Watershed Water Quality and Quantity
Measurements
To measure continuous flowrates and collect water quality measures to assist with

water source partitioning during events, a YSI EXO2 multi-parameter sonde collected
hydrologic and water quality data at the watershed outlet stream site (ST1) in order to
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estimate loadings. The YSI was deployed with a conductivity/temperature, dissolved
oxygen, turbidity, pH, fDOM, and pressure sensor, in addition to a central wiper. Data was
collected at a 15-minute interval and stored internally. The YSI EXO2 was calibrated once
per month when possible, but never in operation more than 41 days. To maintain
continuous data measurements, EXO2 sondes were calibrated per operational manual
instructions in the lab and then placed in the stream alongside the instrument for one data
point, to check for drift. The newly calibrated sensor was then secured and deployed
autonomously, powered with D cell batteries. Before leaving the site, data was
downloaded from the EXO2’s internal storage and onto a laptop. The retrieved EXO2 was
then brought back to the lab, cleaned and placed in short-term storage prior to the next
calibration cycle.
Following data retrieval, we performed QC checks using the methods described in
Bunnell (2020). Due to a calibration error occurring prior to the deployment of the YSI
EXO2 in January, specific conductance values obtained from January 27th, 2020, to
February 28th, were corrected. During this timeframe, the setpoint for specific conductance
on the YSI EXO2 was set to 1000

𝜇𝜇𝜇𝜇�
𝑐𝑐𝑐𝑐, which corresponds with a temperature of 25°C,

but the calibration was performed at a temperature of 19.13°C. The conductivity standards
high dependence upon temperature caused values to record significantly higher than that
of the actual value. In nature, while water temperatures appear between 0°C and 30°C, the
electrical conductance varies near linearly (Hayashi, 2004). Because water temperature
during this time period fell within this range, we used a modified equation from Hayashi
(2004) to correct specific conductance values as follows:
(3.1)

𝐸𝐸𝐸𝐸 = 𝐸𝐸𝐸𝐸𝑡𝑡 ∗ [1 + 𝑎𝑎(𝑡𝑡 − 𝑡𝑡0 )]
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where, EC represents the true electrical (specific) conductance, 𝐸𝐸𝐸𝐸𝑡𝑡 is the measured

electrical (specific) conductance value at a standard temperature 𝑡𝑡0 , t is the true

temperature at time of calibration, and 𝑎𝑎 represents a constant temperature compensation
factor. This method of correction brought the specific conductance values within 2% of
the drift check values during the affected timeframe.
Results from the YSI pressure sensor were used to calculate flowrate estimates
continuously at the watershed outlet. A 120° v-notch weir, 0.46 m tall, 4.27 m wide, with
a 15.24 cm weir crest was installed at the site in August 2018 (Bunnell, 2020). The
volumetric flow rates for this weir were estimated at each timestep using a piecewise
function considering flow above or below the top of the weir plate (Ford et al., 2019).
𝑄𝑄 = 4.330𝑑𝑑2.5 if d < 1 ft

(3.2)

𝑄𝑄 = 4.330 + 46.62(𝑑𝑑 − 1)1.5 if d > 1 ft

(3.3)

where, d is the height of water above the weir crest (ft).
To achieve continuous flowrate estimates during the study period, corrections for
sensor elevation offset and barometric pressure were needed. The YSI EXO2’s pressure
sensor was sensitive to fluctuations in barometric pressure during lower flows. To correct
the pressure data, atmospheric pressure data collected was obtained from the Bluegrass
Airport in Lexington, Ky (approximately 11 miles from the study site) from the
Midwestern Regional Climate Center (https://mrcc.illinois.edu/CLIMATE/).This data was
linearly interpolated to 15-minute intervals and adjusted to match the time series of the
EXO2 collected values. Once adjusted, these values were then used to process the existing
EXO2 measurements using the following equation.
𝑚𝑚

𝑌𝑌𝑌𝑌𝐼𝐼𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ = �𝑌𝑌𝑆𝑆𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝐵𝐵𝐵𝐵𝐵𝐵𝑜𝑜𝐷𝐷𝐷𝐷 − 𝐵𝐵𝐵𝐵𝐵𝐵𝑜𝑜𝐵𝐵𝐵𝐵 � ∗ 0.703 𝑝𝑝𝑝𝑝𝑝𝑝 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 − 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂
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(3.4)

Where 𝑌𝑌𝑌𝑌𝐼𝐼𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ (m) is the corrected depth in the culvert, 𝑌𝑌𝑌𝑌𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 (psi) is the

pressure recorded by the EXO2 depth sensor, 𝐵𝐵𝐵𝐵𝐵𝐵𝑜𝑜𝐷𝐷𝐷𝐷 (psi) is the value entered for
barometric pressure during calibration of the DO sensor (this value changes with each

deployment of the EXO2), 𝐵𝐵𝐵𝐵𝐵𝐵𝑜𝑜𝐵𝐵𝐵𝐵 (psi) is the barometric pressure recorded at the

Bluegrass airport, Corr (m) is the correction for the height of the sensor above the channel

bed, and Offset (m) is the average difference between the EXO2 depth reading and the
manual measurement collected when a new sensor is deployed.
3.3
3.3.1

Analytical Methods
Statistical Analysis of Soil Samples
Exploratory visual statistical plots in combination with a multiple linear regression

analysis and a post hoc test was performed to compare elemental compositions between
source samples. First, box-and-whisker plots were generated to visualize distributions
between source samples collected at different sites and from different depths. Vertical
profiles were also constructed, demonstrating the relationship between both Mehlich-3
Phosphorus (M3P), WEP, and 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 of source samples and the depth at which the
sample was collected. Given the importance of both location and depth of source samples

inspected from the visual assessments, we performed a multiple linear regression using R
(version 4.0.5). To assess the significance that both depth and location have on elemental
compositions, we conducted the analysis using two predictor variables (depth and location)
and one response variable (WEP, 𝑀𝑀3𝑃𝑃, 𝑜𝑜𝑜𝑜 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 ).
𝑦𝑦 = 𝑏𝑏𝑏𝑏 + (𝑏𝑏1 ∗ 𝑥𝑥1) + (𝑏𝑏2 ∗ 𝑥𝑥2)

(3.5)

The equation above represents the multiple linear regression conducted using two

predictor variables (x1 and x2) to predict a single response variable (y). The “b” values
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represent regression weights and measure the association between the predictor variable
and the response. Regarding the predictor variables, location was divided into three
groups: cow, horse, or active sinkhole, and depth was divided into three zones: surface (020cm), rooting (20-100cm), and deep (100cm+). From the analysis we examined the pvalue to determine the significance of the model and how the predictor variables were
related to the outcome.
Following the multiple linear regression analysis, we performed a post hoc test to
determine significance between individual groups of our predictor variables. Specifically,
we conducted a Tukey Test in R (version 4.0.5) to compare all possible pairs of means
between groups. Statistical significance between groups was determined at an α = 0.05.
Assumptions of normality and equal variance required for the Tukey Test were met based
on visual inspections of residual plots conducted in the previous multiple linear regression
analysis.
Furthermore, to determine the conservative nature of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 over time determined

from soil samples we chose to compare the expected 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 equilibrium values with that

of long-term average water isotopic values determined from USGS sites in KY monitoring
river water isotopic values (Kendall & Coplen, 2001). Briefly, the expected 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4

equilibrium values were calculated based on the temperature and oxygen isotope signature
of the surrounding water at the time of a soil sample. Equation 2.2, which was developed
in Chang and Blake (2015), was used for the analysis. Finally, we determined if samples
were out of equilibrium by calculating the difference between the measured and theoretical
long term 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values and created a scatter plot of the results.
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3.3.2

Spatial Analysis of Spring Samples

3.3.2.1 Historical Spring DRP Concentration Analysis
We conducted a statistical analysis on historical spring samples collected at the site
following a similar methodology as in section 3.3.1. However, for the historical data set
we included a third predictor variable into our multiple linear regression model to further
explore the spatial variability of springs within the watershed. Predictor variables for this
model included flow rate, spring location, and type of spring, with DRP concentration as
the response variable. Regarding the predictor variables, each one had to be classified to
distinguish between the variables. Spring location was divided into 6 groups and was
unique to each spring (SP1, SP11, SP15, SP2, SP3, SP6, SP8). Spring type was divided
into two groups (ephemeral and perennial) and was based on physical observations as well
as previously conducted dye trace and classifications (Keagy et al., 1993). Flow rate was
divided into two groups (high and low) and classified based on mean daily flows recorded
at the watershed outlet (ST1). A high flow was distinguished as a flow higher than one
standard deviation from the mean flow data collected. Following the multiple linear
regression analysis, we performed three individual Tukey Test’s in R (version 4.0.5) to
compare all possible means between the predictor variable groups. Statistical significance
between groups was determined at an α = 0.05. Assumptions of normality and equal
variance required for the Tukey Test were met based on visual inspections of residual plots
conducted in the previous multiple linear regression analysis.

3.3.2.2 Phosphate Oxygen Isotope Analysis of Spring DRP Samples
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Regarding 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis of spring samples collected in 2020, we were unable

to compare spring differences (e.g., ephemeral vs. perennial) statistically due to low
sample size of processed spring samples; however we did perform both visual comparisons
and descriptive statistics (e.g., mean, standard deviation, variance) of high flow and low
flow conditions since it is expected higher flow conditions will contain a greater proportion
of precipitation water that has been in contact with the surface P source. To determine the
conservativeness of using 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 during the transport to springs we determined the

expected 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4

values for temperature-dependent isotopic equilibrium with the

surrounding water. The expected 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 equilibrium values were calculated based on

the temperature and oxygen isotope signature of the surrounding water at the time of a
sample. Equation 2.2, which was developed in Chang and Blake (2015), was used for the
analysis. Finally, we determined if samples were out of equilibrium by calculating the
difference between the measured and theoretical 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values and created a scatter plot
of the results.

3.3.3 Hydrograph Separation Analysis
3.3.3.1 Event-based Hydrograph recession Analysis
Flow pathways were investigated during each hydrologic event via hydrograph
recession analysis (Ford et al., 2019; Husic et al., 2019; Nazari et al., 2020). First, the
falling limb of each event hydrograph was plotted on a logarithmic scale. Next, linear
curves were fit onto each reservoir and the inflection points of the linear trends were
determined. A linear increase in slow flow was assumed from the beginning of the rising
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limb of the hydrograph to the inflection point on the falling limb, which signified the shift
from quick flow to slow flow (Husic et al., 2018). The event contribution for each pathway
was then calculated as the area between the two curves for the quick flow pathways and
the area under the curve for the slow flow pathway (Nazari et al., 2020).

3.3.3.2 Source Unmixing Analysis and Tracer Quantification
The fraction of water sources from precipitation, soil/epikarst, and phreatic water
sources contributing to event flow at the watershed outlet was investigated through a massbalance unmixing model. This approach been widely applied for unmixing soil sources
(Davis & Fox, 2009; Ford et al., 2020) as well as water sources in similar landscapes and
groundwater (Torres-Martinez et al., 2020; Wang et al., 2020). The generic mass-balance
equations used to determine the source fractions of a mixture are as follows:
𝑧𝑧 𝑡𝑡 = ∑𝑛𝑛𝑘𝑘=1(𝑥𝑥𝑘𝑘𝑡𝑡 × 𝑃𝑃𝑘𝑘 )

(3.6)

∑𝑛𝑛𝑘𝑘=1 𝑃𝑃𝑘𝑘 = 1

(3.7)

where, t represents the tracer index, z represents the concentration of the tracer in the mixed
component, x represents concentrations of the tracer in the sources, k was the source index,
n represents the number of sources; and P was the fraction of the mixed component
originating from each k source (Davis & Fox., 2009).
For four monitored storm events, unmixing was conducted using the stable isotope
measurements (𝛿𝛿 18 𝑂𝑂 𝑎𝑎𝑎𝑎𝑎𝑎 𝛿𝛿 2 𝐻𝐻) and specific conductance (SC) to apportion hydrograph

contributions of three sources: (1) precipitation, (2) soil/epikarst storage, and (3) phreatic
water. The unmixing equations for 𝛿𝛿 18 𝑂𝑂, 𝛿𝛿 2 𝐻𝐻, and specific conductance (SC) used within

the model were defined as:
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𝛿𝛿 18 𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀 = ∑𝑛𝑛𝑘𝑘=1 𝛿𝛿 18 𝑂𝑂𝑘𝑘 𝑃𝑃𝑘𝑘

(3.8)

𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 = ∑𝑛𝑛𝑘𝑘=1 𝑆𝑆𝑆𝑆𝑘𝑘 𝑃𝑃𝑘𝑘

(3.10)

𝛿𝛿 2 𝐻𝐻𝑀𝑀𝑀𝑀𝑀𝑀 = ∑𝑛𝑛𝑘𝑘=1 𝛿𝛿 2 𝐻𝐻𝑘𝑘 𝑃𝑃𝑘𝑘

(3.9)

∑𝑛𝑛𝑘𝑘=1 𝑃𝑃𝑘𝑘 = 1

(3.11)

where, Mix represents the event mixture samples at the watershed outlet and 𝑃𝑃𝑘𝑘 represents
the fraction of the event sample associated with each source.

We chose three endmembers to best represent our karst system based on an
exploratory investigation of our long-term and event dataset as well as evidence that these
endmembers encompass the major contributing reservoirs to storage and conveyance in a
karst system (Husic et al., 2019). We chose to lump the soil and epikarst zone into one
source due to the epikarst zone being well connected to the highly concentrated soil water
zone and due to practical limitations in separating their contributions based on existing
data. Briefly, the three tracers we chose (𝛿𝛿 18 𝑂𝑂, 𝛿𝛿 2 𝐻𝐻, and specific conductance) were

selected based on their success as tracers to unmix water sources in subsurface drainage
studies (Doctor et al., 2006; Schilling & Helmers, 2008; Klaus & McDonnel, 2013;
Williams et al., 2016; Smith & Capel 2018). Event chemographs of all tracers illustrated
responses during storm events.
To characterize the precipitation sources, we created a feasible range of specific
conductance values obtained from precipitation samples at a nearby site in Mackville, KY
from 2003-2020 conducted by the National Atmospheric Deposition Program’s (NADP)
precipitation chemistry monitoring network. Water samples collected in Mackville, KY
overlapping with the events captured at our study site were analyzed for water isotope
values and specific conductance of precipitation. Due to the close proximity of the
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Mackville, KY site and LRC, we assumed these isotopic values of precipitation
represented the true values of the precipitation endmember on a per event basis. To
characterize phreatic sources, we assumed very little to no change in source composition
prior to an event, as evident in specific conductance values from the historical database as
well as our high-resolution data set during low flow conditions. Due to their location and
connectivity within the watershed, we identified perennial springs within our watershed
and used the water isotope values from these springs during the lowest flow conditions
sampled to characterize phreatic sources. We further characterized this end member by
identifying specific conductance values of phreatic representative springs in the historical
dataset coupled with values obtained during lower flow periods at the watershed outlet.
To parameterize the soil and epikarst source we used nitrate as an indicator for the soil and
epikarst source based on its nature to dilute during quick flow within karst aquifers and
concentrate once soil water becomes connected (Husic et al., 2019). We see this
relationship occur within events 1, 2, and 4 where minimum nitrate concentrations occur
during peak flow (representing dilution) followed by a spike in concentration until a
maximum nitrate concentration is reached. The range of values of each tracer during this
timeframe was used to characterize the soil and epikarst source. Values were adjusted by
ensuring samples obtained from ephemeral springs fell within these ranges.
The unmixing system of equations is overdetermined since we identified three
sources and are parameterizing these sources with three tracers (and four equations).
Therefore, we chose to conduct a frequentist approach based on error minimization
described by Davis and Fox (2009) and successfully utilized in other overdetermined
unmixing problems (Ford et al., 2020). To initialize the model, a Monte Carlo analysis of
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10,000 realizations was conducted based on input distributions of 𝛿𝛿 18 𝑂𝑂, 𝛿𝛿 2 𝐻𝐻, and specific
conductance from all sources described above. Each dataset was assumed to follow a

uniform distribution since their true distribution was unknown and a uniform distribution
is the most conservative in exploratory analysis (Ford et al., 2017). A random number
generator was conducted in MATLAB 2020b that used random number draws from these
distributions for each realization of the Monte Carlo simulation. For each realization, the
optimization of the event sample source fractions was conducted by minimizing the root
mean square error (Ford et al., 2020; Motha et al., 2003) as follows:
𝑛𝑛
∑𝑚𝑚
𝑢𝑢=1(𝑏𝑏𝑢𝑢 −∑𝑘𝑘=1 𝛼𝛼𝑢𝑢𝑢𝑢 𝑃𝑃𝑘𝑘 )

𝑓𝑓(𝑃𝑃𝑘𝑘 ) = �

𝑚𝑚

2

(3.12)

In the equation above m represents the number of equations in the system of linear

equations, u is the equation index, b refers to the solution vector, and 𝛼𝛼 represents the

coefficient matrix. The minimization was constrained by assuming all source fractions
were positive and must sum to 1.
For each evaluation, an additional “goodness of fit” (GOF) criterion (Motha et al.,
2003) was added for acceptance of the solution into the posterior solution space. The GOF
criterion accounts for the percent difference between the calculated and actual values of
each tracer property of the event samples and is illustrated below. The absolute value is
taken for the entire quantity on the right-hand side of the equation due to the negative
values of the isotope tracers.
(𝑏𝑏𝑢𝑢 −∑𝑛𝑛
𝑘𝑘=1 𝛼𝛼𝑢𝑢𝑢𝑢 𝑃𝑃𝑘𝑘 )

𝐺𝐺𝐺𝐺𝐺𝐺𝑢𝑢 = 1 − �

𝑏𝑏𝑢𝑢

(3.13)

�

For all 54 event samples unmixed, a tolerance criterion of a median 𝐺𝐺𝐺𝐺𝐺𝐺𝑢𝑢 > 95%

was selected. If any tracer did not meet this criterion on a given run, that “realization” was
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removed from the posterior solution space. A final vector was constructed that represented
the mean values from all accepted realizations.

3.3.4

DRP Composition and Source Provenance Analysis of Event Samples
Event-based analysis included investigation of event hysteresis, assessing mean

concentrations from water sources and flow pathways, and calculation of DRP loadings.
Hysteresis occurs when the solute concentration at a given discharge on the rising limb of
a storm hydrograph is different from the equivalent discharge located on the falling limb
(Toran and Reich, 2013). To determine event hysteresis, we developed plots of DRP vs.
discharge to help delineate event flow components and then compared the plots to event
hydrograph recessions and hydrograph separation using mass-balance unmixing results
(Section 3.3.2).
To determine the impact of each water source and flow pathway on DRP dynamics
we leveraged flow pathway and source partitions in a mass-balance framework described
in the following equations:
𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 = 𝑄𝑄𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/𝑒𝑒𝑒𝑒𝑒𝑒 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/𝑒𝑒𝑒𝑒𝑒𝑒 + 𝑄𝑄𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∗
𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

(3.14)

Equation 3.14 represents the linear-mass balance mixing of source partitions where,

𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 and 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 represent the discharge (cfs) and measured DRP concentrations (mg/L)
at the watershed outlet. 𝑄𝑄𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/𝑒𝑒𝑒𝑒𝑒𝑒 , and 𝑄𝑄𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 represent the corresponding

discharge (cfs) contribution from each source 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/𝑒𝑒𝑒𝑒𝑒𝑒 , and

𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 represent the DRP concentration of each source. Dividing both sides of
equation 3.14 by 𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 , the equation can be written as a multiple linear regression (MLR)
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model with one dependent variable (𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 ), three independent variables (fractions of

source flow contributions), and three unknowns (DRP concentrations of each source):
𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 = 𝐹𝐹𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/𝑒𝑒𝑒𝑒𝑒𝑒 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/𝑒𝑒𝑒𝑒𝑒𝑒 + 𝐹𝐹𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

(3.15)

where, F is the fraction of the total discharge for each source partition at a given timestep.
Regarding pathways, we conceptualized a mass-balance mixing equation based on
DRP concentrations being influenced by two flow components determined from event
hydrograph recessions.
𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 = 𝑄𝑄𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 + 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

(3.16)

where, 𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 and 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 represent the discharge (cfs) and measured DRP concentrations

(mg/L) at the watershed outlet. 𝑄𝑄𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 , and 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 represent the corresponding discharge

(cfs) contribution from each pathway and 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 represent the DRP

concentration from each pathway. Dividing both sides of equation 3.16 by 𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 , the

equation can be written as a multiple linear regression (MLR) model with one dependent

variable (𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 ), two independent variables (fractions of pathway flow contributions), and
two unknowns (DRP concentrations of each pathway):

𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷 = 𝐹𝐹𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 + 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝐶𝐶𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

(3.17)

where, F is the fraction of flow from each pathway partition at a given time step.
Multiple linear regression analysis was performed for each based on results of 3.3.3
to determine best-fit concentrations. We used an event-based time step that included a total
of 54 samples spread out across 4 events. We evaluated the significance of both coefficient
values and the overall model by using p values at a significance level of α = 0.05 and
testing whether the null hypothesis that the model coefficients (unknown DRP
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concentrations) were equal to zero. To evaluate when the model performed well and
poorly we plotted predicted and measured DRP concentrations for the four events.
DRP loading for each event was determined using methodology similar to Williams
et al., (2015). Since continuous discharge measurements were available as frequent as
every 15 minutes, we used linear interpolation to estimate the hourly DRP concentrations
and flow partitions from the collected event samples. This hourly DRP concentration
dataset was then multiplied by the average hourly volumetric discharge and summed to
calculate loading. The equation below is adapted from Williams et al., (2015) and was
used to determine event loading.
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 5.39(∑𝑛𝑛𝑗𝑗=1 𝑄𝑄𝑗𝑗 𝐶𝐶𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖 )

(3.18)

𝑄𝑄𝑗𝑗 is the hourly discharge (cfs), 𝐶𝐶𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖 is the hourly DRP concentration (mg/L)

determined from the linear interpolation of two consecutive samples and 5.39 is a unit
conversion factor to convert the loading into lbs/day. Furthermore, we determined DRP
loading for each flow pathway and source partition based on MLR results. Loadings were
determined by multiplying model outputs of predicted DRP concentrations by discharge
at each time step and summed to calculate the total DRP loading.
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3.4

Tables and Figures

Table 3.1. Summary of dates, samples collected, sampling frequency and analytes
measured for the event-based sample collection.
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Figure 3.1. Camden Creek Surface and Subsurface Watershed and location of all soil and
water sampling sites.
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Figure 3.2. Soils within the Camden Creek Watershed and LRC Farm. Data was obtained
from the NRCS SSURGO database.
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Figure 3.3. Geological Age Map of Kentucky. Data was obtained from the USDA NRCS
Geospatial Data Gateway.
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Figure 3.4. Land use and cover within the Camden Creek Watershed and LRC Farm as
of 2016. Data was obtained from the USDA NRCS Geospatial Data Gateway.
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Figure 3.5. Site images from the Camden Creek watershed outlet (ST1)
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Figure 3.6. Spring sites across the Camden Creek watershed and LRC farm property
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CHAPTER 4. RESULTS
4.1
4.1.1

Source and Soil P Dynamics
Variability of WEP in Soil
Water Extractable P (WEP) concentrations from soil samples collected across the

watershed displayed both spatial and vertical variability. Vertical profiles of WEP (Figure
4.1) were found to have high levels of WEP at the soil surface in the surface layer (020cm). As depth increased to the root zone (20-100cm), WEP levels declined. Below the
root zone (greater than 100cm), we found WEP levels generally increased, periodically
exceeding surface levels (e.g., AS-FS and CS-FS), although this was highly variable
(Figure 4.1; Figure 4.2b-c). As a result, WEP concentrations were generally highest in the
surface layer, lowest in the root zone, and in between for the deep zone (Figure 4.2b-c).
Regarding spatial variability, higher levels of WEP were found in soils from the cow
sinkhole compared to that from samples collected from the horse and active sinkhole
(Figure 4.2a)
Results of the statistical analysis confirmed visual interpretations of spatial and
vertical variability patterns for WEP. Results from a multiple linear regression model
predicting WEP based on both location and soil zone yielded a p-value <0.001 and an R2
of 0.67 (Table 4.1). Therefore, at an α = 0.05 both predictor variables (location and soil
zone) were significant for determining WEP of a sample. Equal variance of our data can
be seen from Figure 4.3 in which data residuals were plotted against the model predicted
values. Furthermore, data normality is evident in the plotted normal Q-Q plot (Figure 4.4).
It should be noted that some outliers do exist at extreme values, but these samples do not
influence the regression. We conducted two individual Tukey tests to compare all possible
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pairs of means between both predictor variables (Table 4.1). At an α = 0.05, results from
the first test comparing different soil zones yielded a significant difference (p<0.001)
between the surface and the root zone as well as a significant difference (p<0.05) between
the surface and deep zone. However, we failed to determine a significant difference
between the root and the deep zone (p>0.05). Nevertheless, at both the cow and horse
sinkhole, the deep soil zone had a greater mean and much larger variance compared to that
of the root zone (Table 4.2). Regarding spatial variability, a significant difference
(p<0.001) was observed between the cow and horse sinkhole as well as from the cow and
active sinkhole. However, we did not find a significant difference (p>0.05) between
samples collected from the horse and active sinkhole.

4.1.2

Variability of Mehlich-3 P and Other Elemental Compositions in Soil
Mehlich-3 P (M3P) concentrations determined from soil samples collected across

the watershed displayed both spatial and vertical variability similar to WEP. Vertical
profiles (Figure 4.5) of M3P displayed the highest concentrations at either the soil surface
in the surface layer (0-20cm) or below the root zone (greater than 100cm). The lowest
concentrations of M3P occurred within the soil root zone (20-100cm). Typically, vertical
profiles of M3P were highest at the soil surface, decreased with an increase in soil depth,
and increased once again below the root zone. Slightly contrasting WEP results, we found
that at many locations, M3P concentrations below the root zone exceeded concentrations
found at the soil surface (e.g., CS-SS, CS-SU, HS-SS, HS-SU, and HS-SH), although
similarly to WEP results it was highly variable (Figure 4.5; Figure 4.6b-c). In general,
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samples collected from the cow sinkhole displayed higher M3P concentrations from
samples collected from the horse or active sinkhole (Figure 4.6a).
The multiple linear regression model to predict M3P based on sample location and
soil zone yielded a p-value <0.001 and an R2 of 0.63 (Table 4.3). Therefore, we found that
at an α = 0.05 both predictor variables (location and soil zone) were significant for
determining M3P of a sample. We plotted data residuals against model predicted values to
show equal variance of our data (Figure 4.7) as well as showing data normality by plotting
a normal Q-Q plot (Figure 4.8). Similar to the statistical model conducted for WEP,
outliers within the data set do exist but tend to be at extreme values and do not influence
the regression. Two induvial Tukey tests were conducted to compare all possible pairs of
means between location and soil zone (Table 4.3). At an α = 0.05, we found a significant
difference (p<0.05) between the root and the deep zone, showing M3P concentrations are
higher in deeper soil zones. However, we failed to determine a significant difference
(p>0.05) between the root and surface zone or the deep and surface zone. Nevertheless, at
both the cow and horse sinkhole, mean M3P concentrations were higher at the surface and
deep soil zones compared to M3P mean values in the root zone (Table 4.4). Regarding
spatial variability, a significant difference (p<0.001) was observed between the cow and
horse sinkhole as well as from the cow and active sinkhole. However, we did not find a
significant difference (p>0.05) between samples collected from the horse and active
sinkhole.
Other elemental soil compositions including Ca, K, Mg, and Zn showed interesting
vertical and spatial patterns. The average soil Ca concentrations were much greater at the
active sinkhole site compared to that of the cow or horse sites (Figure 4.9a). The deep soil
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zones at both the cow and horse sinkholes had higher Ca concentrations and variability.
The horse sinkhole had similar concentrations at both the surface and root zones, however
the root zone at the cow sinkhole demonstrated lower on average concentrations than at
either the surface or deep zones (Figure 4.9b-c). Potassium concentrations where much
higher at the cow sinkhole compared to that of the horse or active sites (Figure 4.10a). At
both the cow and horse sinkholes we saw the highest K concentrations occur in the surface
zone, followed by a decrease into the root zone and an increase again at the deep soil zones
(Figure 4.10b-c). The average Mg soil concentrations were slightly greater at the cow
sinkhole than that of Mg concentrations at either the horse or active sinkholes (Figure
4.11a). At the horse sinkhole, Mg concentrations in the deep zone are highly variable and
much greater than that of either the root or surface zones (Figure 4.11b). In contrast, at the
cow sinkhole, Mg concentrations are highest at the surface and decrease with a decrease
in soil depth (Figure 4.11c). Zinc concentrations in soils were highest at the cow sinkhole
(Figure 4.12a). Zn concentrations at both the horse and cow sites showed similar patterns,
in which there were very high concentrations at the surface followed by a sharp decline at
the root zone and a further decline into the deep soil zones (Figure 4.12b-c).

4.1.3

𝜹𝜹𝟏𝟏𝟏𝟏 𝑶𝑶𝑷𝑷𝑷𝑷𝑷𝑷 Analysis of WEP in Soils

Sample analysis of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 of WEP was unsuccessful because of contamination

of processed silver phosphate resulting in negligible yields of silver phosphate for isotope
analysis. Initially, 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis revealed iron and organic matter contamination within

several of the processed samples, despite limited evidence in the initial brucite floc. During

processing, dissolved iron can form an oxide that sequesters phosphate leading to low
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phosphate recovery, and if in the final silver phosphate solution, interfere with the pyrolysis
of phosphate. We first attempted to purify samples by a treatment of 4M HCl and 4M
𝐻𝐻𝐻𝐻𝑂𝑂3 to dissolve the iron, which was found to be unsuccessful. Next, we decided to use a

more concentrated acid to dissolve iron minerals (up to 10M 𝐻𝐻𝐻𝐻𝑂𝑂3 ) prior to the isotope
analysis. Once the iron was dissolved, samples were filtered through a cation exchange and
DAX resin to remove any remaining dissolved organics prior to precipitation. However,
acid-insoluble precipitates were present in some samples. To identify what acid-insoluble
precipitates were present, we conducted X-ray diffraction (XRD) characterization of the
acid-insoluble materials. We found that samples contained silver along with significant
amounts of chloride and minor amounts of iron, aluminum, and sulfur. This led us to
believe the cation resin exchange being used was not completely removing cations from
the samples. To test this, samples were re-dissolved and purified and filtered through new
cation exchange resins. Samples filtered through the new cation exchange resins had
noticeably lower precipitate mass (possibly indicating removal of contaminants). However,
all of our efforts to repurify samples led to low recovery of phosphate in the final silver
phosphate solution which led to non-viable 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 results. We concluded that the main

issue was a decreased effectiveness of initial DOWEX cation exchange resins to remove
cations from samples. When samples were repurified and filtered through new DOWEX
cation exchange resins, very high concentrations of acids were used. The dissolution and
purifying of precipitates limited the recovery of the original phosphate within samples.
While we were unsuccessful in analyzing soil samples for 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 , our results provide
insight into how to avoid sample contamination in the future and suggest that future
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analytical methods should be developed to help reduce the intermediate steps needed for
𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis.
4.2

4.2.1

DRP Variability and Composition in Springs
Spatial DRP Concentration Results
Results of the concentration and isotopic analysis of spring samples displayed

variability in spatial and temporal dynamics similar to that of soil samples. During the four
spatial grab sample collections, we found that springs SP6 and SP8 demonstrated the
highest levels of DRP, whereas springs SP2 and SP15 demonstrated the lowest levels of
DRP (Table 4.5). Furthermore, our investigation of historical DRP concentrations across
different springs, provided further evidence of spring variability. The highest DRP
concentrations occurred during high flow events (Figure 4.5c). We also found that DRP
concentrations in ephemeral springs were on average higher than that of DRP
concentrations in perennial springs, however there was greater variability of DRP
concentrations recorded from ephemeral springs (Figure 4.13b). Regarding individual
springs, we found that DRP concentrations were highest at SP6 while DRP concentrations
were lowest at SP15 (Figure 4.13c).
Results of the statistical analysis on the historical DRP dataset confirmed visual
interpretations of spatial variability patterns we inspected. Results from a multiple linear
regression model predicting DRP based on spring location, spring type, and flow condition
yielded a p-value <0.001 and an R2 of 0.44 (Table 4.6). Therefore, at an α = 0.05 all three
predictor variables (location, type, and flow) were significant for determining DRP of a
sample. Equal variance of our data can be seen from Figure 4.14 in which data residuals
were plotted against the model predicted values. Furthermore, data normality is evident in
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the plotted normal Q-Q plot (Figure 4.15). It should be noted that some outliers do exist at
high and low extreme values, but these samples do not influence the regression. We
conducted three individual Tukey tests to compare all possible pairs of means between
predictor variables (Table 4.6). At an α = 0.05, results from the first test comparing spatial
variability yielded a significant difference (p<0.001) between several springs (SP1 and
SP6, SP11 and SP15, SP11 and SP3, SP11 and SP6, SP15 and SP2, SP15 and SP6, SP15
and SP8 SP2, and SP6, SP3 and SP6, SP3 and SP8, and SP6 and SP8) as well as a
significant difference (p<0.05) between SP2 and SP3. Regarding spring type, a significant
difference (p<0.001) was observed between ephemeral and perennial springs.
Furthermore, we found a significant difference (p<0.001) between high and low flow
conditions.

4.2.2

Spatial DRP Isotope Results
Isotopic analysis results of DRP from the first two spatial grab sample collections

yielded acceptable results and showed that high and low flow periods displayed contrasting
isotopic signatures. Results for the spring sampling January low flow period and February
high flow period yielded acceptable O-18 results based on QC analysis at the Nebraska
Water Science Center laboratory. Samples collected during the January low flow had
𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values ranging from +25.8‰ to +38.7‰ (one sample was an outlier with a

𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 of (+2.76‰), while samples collected during the February high flow had values
ranging from +20.1‰ to +27.7‰. An overall decrease in the average of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values

from the January low flow sampling period to the February high flow sampling period was

observed (Figure 4.16). Additionally, we found all samples from the January low flow and
65

February high flow collections were out of equilibrium with the surrounding water (Table
4.8). All measured 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values were much greater (+2.57‰ to +21.61‰) than that of
the theoretical equilibrium except for one outlier collected during the January low flow

that was 14.26‰ less than from the theoretical equilibrium (Figure 4.17). Given the
contamination observed with other samples (𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values ranging from -18.3‰ to
+35.9‰ from the last two spatial grab sample collections), it is possible the outlier was
also contaminated although there were no clear signs of this in the analysis.

4.3
4.3.1

Flow Pathway Dynamics
Event Hydrograph Recessions
The four storm events captured reflect a typical gradient of quick and slow flow

pathways for the watershed and span a gradient of soil moisture conditions (Figure 4.18;
Figure 4.19). The average soil moisture conditions (m3 /m3) preceding each event by 24
hours recorded at a 10cm depth were 0.348, 0.354, 0.36, and 0.344 for events 1, 2, 3, and
4, respectively. Furthermore, events 1 and 4 were preceded by lower soil moisture
conditions than that of events 2 and 3 at all measured depths except at the 5cm and 100cm
depths. Our four events varied in peak discharge from 22.5 – 55.4 cfs (Figure 4.18). Each
event we sampled demonstrated differences in flow pathway event contributions (Figure
4.19). A previous study at the site illustrated an ability to discriminate two reservoirs from
hydrograph recessions, classified as a quick flow and slow flow reservoir (Ford et al.,
2019). Our results agreed with this study as we were able to find two distinct log-linear
slopes during hydrograph recession analysis for events 1, 2, and 4. We found reservoir
contribution varied between each event captured. During event 1 the quick flow pathway
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contributed 15% of the total discharge and the slow flow pathway contributed 85%. Event
2 compared well to the mean contributions in the master recession analysis of the historical
dataset from the site (Ford et al., 2019) in which the quick flow pathway contributed 33%
and slow flow contributed 67% of the total discharge. A recession for event 3 was not
possible since the quick flow pathway never became activated, hence the event reflected a
100% slow flow event. Event 4 was the largest event, and quick flow contributed 48% of
event discharge, as compared to only 52% for the slow flow reservoir.

4.3.2

Event Mass-Balance Unmixing Analysis of Water Sources
Results of the water mass-balance unmixing analysis provided refinement of

connectivity to surface, soil/epikarst, and phreatic water sources during the storm event.
Overall, model results provide some indication as to how event intensity may play a role
into source contribution and ultimately P loading at the watershed outlet, however there is
a lot of uncertainty in predicting contributions from the phreatic and soil/epikarst sources
(Figure 4.20; Figure 4.21). Pre-event conditions for events 1, 2, 3 consist of a phreatic and
soil/epikarst dominated flow mixture. Event 3 is unique in that it illustrates a base flow
period at the outlet due to very little precipitation, although there is a strong response in
the soil moisture (Figure 4.18). Event 3 flow contribution is dominated by phreatic sources
throughout the entire event. As flow increases, we see similar results when it comes to the
precipitation source for events 1,2 and 4. First a sharp spike in precipitation occurred. Once
the event flow reached a peak, precipitation contribution then sharply declined and
returned to near pre-event conditions. Regarding soil/epikarst pathways we generally
found an increase in contribution during the rising limb of the hydrograph followed by a
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decline with the falling limb; however not as sharp as a decline as precipitation source. We
found events 1 and 2 to display very similar water source dynamics however, event 4
showed some uniqueness. In both events 1 and 2, the soil/epikarst pathway was the
dominant water source at any given time during the event, however in event 4, the initial
spike in total flow resulted in a precipitation and phreatic dominated flow mixture until
soil/epikarst pathways eventually became connected.
4.4
4.4.1

DRP Composition and Source Dynamics of Events and Springs
Event DRP Concentration Results
Event DRP concentrations and hysteresis demonstrate the high DRP variability of

our system. For every event, post-event DRP levels exceed pre-event levels, however peak
concentrations occur at different times on the hydrograph (Figure 4.21). Peak DRP
concentration for events 1, 2, ,3 and 4 were 0.32 mg/L, 0.32 mg/L, 0.23mg/L, and 0.35
mg/L, respectively. Events 2 and 4 illustrate peak DRP levels while precipitation sources
are dominating. Event 1 demonstrates a lag in peak DRP, not occurring until well within
the falling limb of the hydrograph. Furthermore, DRP event hysteresis shows inter-event
variability for this system (Figure 4.22). All four events were of different magnitudes, and
there was no evident hysteresis that occurred for event 3. Event 4 was approximately twice
the magnitude of event 3 however they both demonstrated a clockwise hysteresis pattern,
whereas event 1 showed a counterclockwise pattern.
Multiple linear regression model results for both sources and pathways showed
significant results and helped further discriminate DRP event pathway dynamics. The
MLR model to test the significance of sources was found to be overall significant at an α
= 0.05. We found that each source precipitation, soil/epikarst, and phreatic yielded a high
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significance difference (p<0.001) at an α = 0.05 with model coefficients determined to
equal 0.493, 0.335, 0.121, respectively. Similarly, the MLR model to test the significance
of flow pathways was overall significant an α = 0.05. Both quick and slow flow pathways
were significantly different (p<0.001) an α = 0.05 with model coefficients determined to
equal 0.351 and 0.245, respectively. These findings suggest that quick and slow flow
pathways reflect mixing of sources.
DRP event loading revealed the difference in magnitudes between each event,
however some events followed similar patterns. We found that the total DRP loading for
events 1, 2, 3, and 4 was 25.36 lbs/day, 27.04 lbs/day, 7.85 lbs/day, and 44.94 lbs/day
respectively (Figure 4.23). Events 1 and 2 showed similar patterns regarding DRP loadings
from quick and slow flow pathways that differed from events 3 and 4 (Figure 4.23). We
found that during events 1 and 2, DRP loading was mostly associated with the slow flow
pathways. During event 1, 70.4% of the total DRP loading came from the slow flow
pathway whereas 29.6% was contributed by the quick flow pathway. Similarly, we
observed that in event 2, slow flow pathways contributed 60.7% of the DRP loading
whereas quick flow pathways contributed 39.3%. During event 3 quick flow pathways
were never activated and therefore 100% of the total DRP loading was contributed by the
slow flow pathway. Contrasting to events 1 and 2, event 4 had a more evenly distributed
DRP loading among pathways. We observed a 47% contribution from the slow flow
pathway and a 53% contribution from the quick flow pathway to the total DRP loading.
Throughout all events, the MLR model predicted that Soil/Epikarst sources provided the
greatest contribution of DRP loading, except event 3, where source contribution loading
was more evenly distributed (Figure 4.24). We observed that the total percent of DRP
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loading associated with each source during event 1 was 19.6%, 69.6%, and 10.8% for
precipitation, soil/epikarst, and phreatic sources, respectively. Event 2 demonstrated a
79.7% DRP loading contribution from soil/epikarst sources and only an 8.8% and 11.5%
contribution from precipitation and phreatic sources. Event 3 was more evenly distributed
with a DRP loading contribution of 28.4%, 36.8%, and 34.8% from precipitation,
soil/epikarst, and phreatic sources, respectively. Finally, we observed lower contributions
overall from sources during event 4 that did not fully encompass the total event DRP
loading. The percent of DRP loading associated with precipitation, soil/epikarst, and
phreatic sources during event 4 was 17%, 58%, and 7.5%, respectively.

4.4.2

Event DRP Isotope Results
Similar to the problem with soil samples, 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis revealed iron and

organic matter contamination within several of the processed samples. This led to us not
having reliable isotope data of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 . Results for the isotope analysis during events
from the preliminary data showed high evidence of contamination and values ranged from

+7.17‰ to +62.2‰ which is much greater than the typical reported sources (Table 2.1).
Sample analysis of 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 of event samples was unsuccessful and methods we took to
determine sample contamination and repurify samples were discussed in section 4.1.3.

70

4.5

Tables and Figures

Table 4.1. Statistical significance test results comparing soil samples collected at
different locations and from different soil zones based on WEP concentrations.
Multiple linear regression model
p value
<0.001
R²
0.67
Post hoc Tukey Test for difference between all possible pairs of means
Soil Zone
Surface (n=15)
Root (n=34)
Deep (n=24)
Surface (n=15)
1
Root (n=34)
<0.001
1
Deep (n=24)
0.027
>0.05
1
Location
HS (n=37)
CS (n=30)
AS (n=6)
HS (n=37)
1
CS (n=30)
<0.001
1
AS (n=6)
>0.05
<0.001
1
Note. Values reported are the p values from the Multiple linear regression model and
Tukey test. An α = 0.05 was chosen to test for significance. Significantly different groups
are identified in bold and italics. Statistical tests were performed in R (version 4.0.5).
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Table 4.2. Descriptive Statistics of WEP determined from soil samples.
Cow Sinkhole
Soil Zone
n
Mean
Std. Deviation Variance
Surface
7
17.5
10.8
13.1
Root
14
5.7
2.9
7.3
Deep
9
32.1
8.7
54.0
Horse Sinkhole
Soil Zone
n
Mean
Std. Deviation Variance
Surface
7
5.2
2.1
2.6
Root
15
2.4
2.2
2.1
Deep
15
5.7
5.0
4.2
Note. All values for mean, standard deviation, and variance are WEP (mg P/kg soil)
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Table 4.3. Statistical significance test results comparing soil samples collected at
different locations and from different soil zones based on M3P concentrations.
Multiple linear regression model
p value
<0.001
R²
0.63
Post hoc Tukey Test for difference between all possible pairs of means
Soil Zone
Surface (n=15)
Root (n=34)
Deep (n=24)
1
Surface (n=15)
>0.05
1
Root (n=34)
>0.05
0.039
1
Deep (n=24)
Location
HS (n=37)
CS (n=30)
AS (n=6)
HS (n=37)
1
CS (n=30)
<0.001
1
AS (n=6)
>0.05
<0.001
1
Note. Values reported are the p values from the Multiple linear regression model and Tukey
test. An α = 0.05 was chosen to test for significance. Significantly different groups are
identified in bold and italics. Statistical tests were performed in R (version 4.0.5).
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Table 4.4. Descriptive Statistics of M3P determined from soil samples.
Cow Sinkhole
Soil Zone
n
Mean
Std. Deviation
Variance
Surface
7
397.0
75.3
5671.8
Root
14
328.7
57.9
3347.4
Deep
9
368.2
65.9
4347.8
Horse
Sinkhole
Soil Zone
n
Mean
Std. Deviation
Variance
Surface
7
125.9
104.0
10806.6
Root
15
96.5
82.3
6780.4
Deep
15
167.5
125.5
15743.6
Note. All values for mean, standard deviation, and variance are M3P (mg P/kg soil)
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Table 4.5. DRP concentrations from each spring during all four spatial sampling
collections.
JAN-LOW FLOW
Spring Site
SP1
SP2
SP3
SP4
SP6
SP7
SP8
SP11
SP15

DRP (mg/L)
0.35
0.24
0.34
NM
0.43
0.38
0.51
0.36
0.24

FEB-HIGH
FLOW

FEB-LOW FLOW

MAR-LOW
FLOW

0.35
0.23
0.38
0.28
0.44
0.37
0.42
0.36
0.23

0.31
0.22
0.3
0.26
0.44
0.26
0.39
0.35
0.21

0.31
0.23
0.3
NM
0.42
0.39
0.42
0.33
NM

*NM = Not Measured
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Table 4.6. Statistical significance test results comparing historical spring samples based
on DRP concentrations.
Multiple linear regression model
p value
0.44
<0.001
R²
Post hoc Tukey Test for difference between all possible pairs of means
Location
SP1 (n=114) SP11 (n=110) SP15 (n=89) SP2 (n=67) SP3 (n=116) SP6 (n=71) SP8 (n=112)
SP1 (n=114)
1
SP11 (n=110)
>0.05
1
SP15 (n=89)
>0.05
<0.001
1
SP2 (n=67)
>0.05
>0.05
<0.001
1
SP3 (n=116)
1
<0.001
>0.05
0.02
1
SP6 (n=71)
<0.001
<0.001
<0.001
<0.001
<0.001
1
SP8 (n=112)
>0.05
>0.05
<0.001
>0.05
<0.001
<0.001
1
Flow
Low (n=624)
High (n=55)
Low (n=624)
1
High (n=55)
<0.001
1
Type
Ephemeral (n=382)
Perennial (n=297)
Ephemeral (n=382) 1
Perennial (n=297)
<0.001
1
Note. Values reported are the p values from the Multiple linear regression model and Tukey test. An α = 0.05
was chosen to test for significance. Signficantly different groups are idenitified in bold and italics . Statistical tests
were performed in R (version 4.0.5).
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Table 4.7. Oxygen isotope of phosphate values collected at springs across the Camden
Creek watershed during the spring sample collections.
JAN-LOW FLOW
Spring Site
SP1
SP2
SP3
SP4
SP6
SP7
SP8
SP11
SP15

FEB-HIGH FLOW

FEB-LOW FLOW

MAR-LOW FLOW

27.7
23.2
24.2
22.1
22.7
20.8
20.4
22.2
20.1

18
-18.3
9.8
19.8
18.1
23
4.9
-9.16
19.1

-2.27
2.46
10.9
NM
35.9
31.2
19.2
26.3
NM

δ18O-PO4 (‰)
25.8
38.7
26.4
NM
28
27
29.6
2.76
26

*NM = Not Measured
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Table 4.8. Difference in measured and theoretical determined isotope values of the
surrounding water of spring samples.

Site
Jan Low flow
SP1
SP11
SP15
SP2
SP8
Feb High flow
SP1
SP11
SP15
SP3
SP4
SP2
S{8
SP6
ST1

Measured
Measured
Measured
Theoretical Equilibrium
δ18O-PO4 (‰) δ18O-H2O (‰) Temperature (°C) δ18O-PO4 (‰)

Difference (measuredtheoretical) δ18O-PO4 (‰)

25.80
2.76
26.00
38.70
29.60

-6.94
-6.92
-6.83
-6.80
-6.84

14.05
12.72
13.04
12.97
14.01

16.76
17.02
17.05
17.09
16.87

9.04
-14.26
8.95
21.61
12.73

27.70
22.20
20.10
24.20
22.10
23.20
20.40
22.70
19.60

-6.68
-6.96
-6.68
-6.47
-6.47
-6.89
-6.71
-6.61
-6.94

11.80
11.93
11.21
13.45
13.75
11.79
12.79
12.42
10.60

17.42
17.12
17.53
17.34
17.29
17.21
17.21
17.38
17.37

10.28
5.08
2.57
6.86
4.81
5.99
3.19
5.32
2.23
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Figure 4.1. Water Extractable P Profiles from Camden Creek upland soils. Samples were
abbreviated as follows: Horse sinkhole (HS), Cow sinkhole (CS), Active sinkhole (AS),
FS (foot slope), SS (shoulder slope), SU (summit), TS (toe slope), and SH (shoulder).
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Figure 4.2. Box-and-whisker plots of WEP in soils from different locations and different
soil zones.

a

Horse Sinkhole

b

Cow Sinkhole

c
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Figure 4.3. Scatter plot comparing residuals and predicted values of the multiple linear
regression model for WEP.
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Figure 4.4. Normal Q-Q plot of the multiple linear regression model that predicts WEP
based on sample location and soil zone.
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Figure 4.5. Mehlich-3 Phosphorus Profiles from Camden Creek upland soils. Samples
were abbreviated as follows: Horse sinkhole (HS), Cow sinkhole (CS), Active sinkhole
(AS), FS (foot slope), SS (shoulder slope), SU (summit), TS (toe slope), and SH (shoulder).
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Figure 4.6. Box-and-whisker plots of M3P in soils from different locations and different
soil zones.
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Cow Sinkhole

c

84

Figure 4.7. Scatter plot comparing residuals and predicted values of the multiple linear
regression model for M3P.
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Figure 4.8. Normal Q-Q plot of the multiple linear regression model that predicts M3P
based on sample location and soil zone.
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Figure 4.9. Box-and-whisker plots of M3Ca in soils from different locations and different
soil zones.
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Figure 4.10. Box-and-whisker plots of M3K in soils from different locations and different
soil zones.
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Figure 4.11. Box-and-whisker plots of M3Mg in soils from different locations and
different soil zones.
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Figure 4.12. Box-and-whisker plots of M3Zn in soils from different locations and different
soil zones.
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Figure 4.14. Scatter plot comparing residuals and predicted values of the multiple linear
regression model for DRP of historical spring samples.
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Figure 4.15. Normal Q-Q plot of the multiple linear regression model that predicts DRP
based on spring location, type, and flow rate.
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Figure 4.16. Box-and-whisker plot illustrating the oxygen isotope of phosphate values
between samples collected at springs during low and high flow conditions.
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Figure 4.17. Scatter plot representing how far spring samples deviate from the expected
isotopic equilibrium with the surrounding water.
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Figure 4.18. Event discharge, specific conductance and soil moisture recorded at different
depths. Each red arrow indicates the time a spatial sample collection occurred.
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Figure 4.19. Results from the Hydrograph recession analysis for events 1, 2, and 4 with
measured and predicted DRP concentrations from MLR analysis.
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Figure 4.20. The predicted mean event discharge and the range it could fall between based
on one standard deviation from the mean for each source.
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Figure 4.21. Mean event water source contribution to the total flow with measured event
DRP concentrations and predicted event DRP concentrations using the flow fractions.
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Figure 4.22. DRP event hysteresis for each sampled event.
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Figure 4.23. Total DRP event DRP loading with predicted contributions from quick and
slow pathways.
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Figure 4.24. Total event DRP loading and the predicted DRP source contributions.
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CHAPTER 5. DISCUSSION
5.1

Phosphorus Variability within Karst Agroecosystem Soils
Results of vertical extractable P profiles from soil samples collected in the watershed

displayed trends that were atypical of other agricultural karst landscapes receiving
fertilizer applications. On average, vertical profiles showed high levels of extractable-P at
the soil surface that initially declined with increasing depth into the root zone and then
increased again deeper in the soil profile, at times exceeding surface levels (AS-FS and
CS-FS). Studies in similar chronically fertilized agroecosystems have shown vertical
stratification of soil P levels with elevated P at the surface that decreases into the
subsurface layers (Ford et al., 2018; Fenton et al., 2017; Joshi et al., 2018). The high
extractable P deeper in the soil profile reflects an indigenous source of P resulting from
weathering of the phosphatic Ordovician limestone (Karathanasis, 1991). Conversely, the
high extractable P levels in near surface soils from the study site are likely a result of
buildup of legacy P from chronic manure and inorganic P applications that have been
typical across the pasture and cultivated fields in the watershed. The widespread adoption
of no-till farming in the region has enhanced stratification of P in the soil profile (Robins
& Voss, 1991; Franzlubbers & Hons, 1996), likely explaining the initial sharp decline in
WEP and M3P levels observed in most of the soil profiles. Interestingly, our observations
differed from a study that found a general increasing trend of P with soil depth for nearby
soils influenced by the same geological parent material (Karathanasis et al., 1991).
However, of notable difference for soils from the Karathanasis study were the ag
management practices in which soils were collected from pasture with at least 50 years of
no fertilizer treatments. Overall, soils within our system were unique regarding vertical P
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profiles, and our findings help explain the impact of both agricultural management and
phosphatic limestone derived soils on vertical soil P profiles.
Furthermore, results highlight spatial variability of extractable P concentrations
across the landscape which partially reflect elemental concentration gradients. We
observed considerably higher WEP and M3P concentrations from soils located at the cow
sinkhole site compared to that of the active or horse sinkhole site. Interestingly soil Mg,
Zn, and K concentrations were also higher in soils from the cow sinkhole. We suspect this
spatial variability may rise from a combination of differences in management practices
across the watershed as well as differences in soil characteristics. Additionally, we suspect
that spatial elemental compositions may explain differences observed in WEP and M3P
dynamics. For instance, precipitation of P with Ca out of the soil solution can create a
high-long term sequestration capacity in terms of legacy P (Karathanasis et al., 1991;
Fenton et al., 2017). Our results for the Horse sinkhole support this finding in that WEP in
deep portions of the soil profile were less than surface WEP; however, M3P in deep
portions and M3Ca concentrations were greater than surface levels. This finding suggests
that soil composition plays a key role in WEP dynamics, which will directly impact
leachability of DRP.
The vertical and spatial heterogeneity in extractable P concentrations suggests
variable hotspots for DRP loading throughout the watershed. Our findings from the
vertical profiles of WEP and M3P (Figure 4.1 and 4.5) show that some areas had the
highest extractable P in surface soils, whereas other areas had higher extractable P deeper
in the soil profile. Since extractable P is often well correlated with DRP losses (Pote et
al., 1996), these results support that hotspots of DRP loading may differ in the watershed
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depending on activated water sources. As a result, these findings suggest that to optimally
reduce DRP losses from karst landscapes, management practices that differentially target
surface and subsurface DRP reduction strategies are needed in these karst agroecosystems,
and require knowledge on the spatial heterogeneity of extractable P.

5.2

Dissolved Reactive P concentrations in Karst Springs
Concentrations observed at all springs were significantly greater than that of DRP

commonly reported in other karst agroecosystems. Other studies have generally found DRP
concentrations one to two orders of magnitude lower than the system in this study,
particularly under low-flow conditions (Mellander et al., 2012; Mellander et al., 2013;
Jarvie et al., 2014; Fenton et al., 2017). Based on our previously discussed results, we
postulate that the high levels of DRP found at springs reflect the high P levels found in
soils throughout the vadose zone.

These findings contrast results from other karst

agroecosystems including Jarvie et al. (2014) and Mellander et al. (2013) which found
significant reductions in P concentrations in springs at a range of flow conditions. In part
this could be attributed to limited capacity of the soil matrix to attenuate P during transport
in the vadose zone, but also limited capacity of benthic sediments in the karst conduits.
Overall, high DRP concentrations observed at springs within our system reflect its limited
capacity to attenuate P and highlight the importance to further understand heterogeneity
within karst systems.
Statistical analysis of historical DRP concentration observations at springs support
differences in vertical and spatial heterogeneity of soils play an important role in DRP
concentration variability. We observed higher DRP concentrations during high flow
periods compared to that of lower flow periods at all springs, agreeing with results from
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past karst agroecosystem studies (Jarvie et al., 2014). We suspect the higher DRP
concentrations during high flow periods reflect high soil P levels at the surface that have
become connected through macropores and sinkholes, sourced from overland flow (Jarvie
et al., 2014; Ford et al., 2019). Further, we found a statistical difference between ephemeral
and perennial springs, suggesting that spring type and connectivity plays a role in DRP
transfer. Specifically, we found that on average ephemeral springs displayed higher DRP
concentrations than that of perennial springs. We suspect that higher DRP concentrations
occur at ephemeral springs due to the vertical location of their subsurface conduits that are
fed water mainly through quick flow via sinkholes and epikarstic zones (Keagy et al.,
1993). Discharge from these springs is more reflective of precipitation and runoff
influenced by high soil surface P concentrations that are also observed during high flow
periods. Furthermore, we consider that a possible reason we see lower DRP concentrations
in perennial springs is because their larger catchment basins and longer subsurface
networks enable integration of broader spatial areas resulting in a smoothing of the high
heterogeneity observed in the ephemeral springs at the study site. For instance, we
observed the highest average DRP concentrations among all springs at the ephemeral
spring, SP6 and lowest average DRP concentrations from the local ephemeral spring, SP15.
Overall, our findings suggest that spring DRP concentrations may be highly variable based
on soil P profile variability.

5.3

Importance of Assessing Water Source Controls on DRP Loading in Karst
Event hydrograph recession analysis showed two distinct flow pathways (quick and

slow) dominate the total event flow within our system. This contrasts results highlighted
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in other karst landscapes that have shown three distinguishable flow pathways (quick,
intermediate, and slow) (e.g., Husic et al., 2019). This finding reflects the heterogeneity of
karst maturity in the watershed, including a lack of complex conduit architecture and the
presence of a variety of spring types (ephemeral and perennial) and seeps that drain in both
the upper portions of the epikarst and deeper conduits at the regional level. As a result,
we found that phosphate predictions from our MLR model using quick and slow flow
pathways poorly predicted measured DRP values (Figure 4.19). This finding suggests
mixing of heterogenous DRP sources occurred in both quickflow and slowflow pathways.
For instance, quickflow may have reflected mixing of precipitation water rapidly pirated
through sinkholes and matrix water that exchanges with macropores and is then rapidly
transported to seeps and springs. Therefore, we suspect that although hydrograph
recessions have shown to be successful in a variety of karst landscapes (Mellander et al.,
2012; Mellander et al., 2013; Jarvie et al., 2014; Husic et al., 2019), and have been used to
inform simple reservoir style numerical models for predicting karst water quality (e.g.,
Husic et al., 2019), they may be ineffective at predicting DRP dynamics in heterogenous
karst agroecosystems.
Results for the tracer-based analysis improved discretization of hydrographs,
resulting in improved prediction of DRP concentrations. The tracer-based approach
combining water stable isotope and conductivity measurements enabled discretization of
precipitation, soil/epikarst, and phreatic water sources, which had varying contributions
throughout each event. We observed that MLR analysis using source fractions improved
predictions of measured DRP concentrations as compared with the aforementioned flow
pathway analysis (Figure 4.19 and Figure 4.21). We suspect the improved efficiency from
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the tracer-based approach stemmed from its ability to distinguish an intermediate flow path
that is often attributed to the drainage of water through soil pores and epikarst fractures
(Husic et al., 2019). Overall, we believe that the difficulty of distinguishing the
intermediate pathway with hydrograph recession analysis makes a tracer-based unmixing
approach a more reliable tool to predict DRP dynamics in karst systems with heterogenous
maturity.
The tracer-based unmixing analysis results highlight the sensitivity of the
soil/epikarst source to DRP loading and suggest intra and inter-event variability in
activation of matrix water in the soil profile. The soil/epikarst was the primary contributor
to DRP loading in all four events. Dissolved reactive P loading during events 1, 2, and 4
was highly dominated from epikarst/soil sources (>58%), suggesting that sources derived
in these zones may have limited time to attenuate and reflect the high DRP concentrations
associated with ephemeral springs more connected to the epikarst zone. This finding is
atypical of other karst studies that found the epikarst zone to serve as a potential zone for
P buffering and attenuation (Mellander et al., 2012; Jarvie et al., 2014). Further, we
recognize that the contributions and concentrations of DRP from the soil/epikarst source
are highly variable given the vertical variability in soil extractable P profiles. In part, this
may describe the contrasting hysteresis patterns for events (Figure 4.22), and the
uncertainty in predicting concentrations, particularly when the soil/epikarst fraction of
flow was prominent (Figure 4.21). This finding may reflect the variable depth of activation
of matrix water in the soil profile to macropore flowpaths, which is widely recognized to
be impacted by variable soil moisture conditions (Nazari et al., 2021). Future work such
as applying more detailed tracer-based approaches (e.g., Klaus et al., 2013; Nazari et al.,

108

2021), should be implemented in karst watershed studies to better understand flow
pathway dynamics towards improved nutrient fate and transport assessment.
Overall, the findings from this study provide some insight into approaches that could
help reduce downstream DRP loading in agriculturally influenced karst landscapes with
phosphatic soils. Because DRP concentrations are high during periods where precipitation
water is highly connected to surface soils, implementing best management practices
(BMP) to help promote phosphate attenuation in surface features could help significantly
reduce downstream DRP loadings. One suggestion would be to target visible sinkholes
and implement vegetative buffer strips on the exterior of the sinkholes. This practice has
been suggested by others as being a cost-effective way to reduce phosphorus loads in karst
systems (Currens, 2002; Peterson and Vondracek, 2006). Implementing buffers around
sinkholes may reduce P inputs that are quickly routed through tertiary flow pathways from
springs by the absorption of P via plant uptake and could be focused on spatial hotspots
where surface extractable P is high. However, some studies have showed that vegetative
buffers may act as a source and show significant releases of DRP (Hoffmann et al., 2009)
especially in systems with high levels of soil P (Satchithanantham et al., 2019). Therefore,
before implementation, we suggest a broad study should be conducted on the most suitable
vegetative buffer media for DRP reductions in these systems. Furthermore, practices such
as excluding agricultural livestock from particularly vulnerable sinkholes may help reduce
downstream DRP loadings by mitigating manure derived P sources entering subsurface
pathways via these highly prone features. Additionally, targeting P hotspots with the
implementation of BMPs at spring and surface water interfaces could help reduce loadings
to downstream waterways. We recommend implementation should focus on springs that
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have the highest contribution to the overall downstream loading to reduce DRP loads at
locations where they are the greatest. One possible practice could be the installment of
constructed wetlands, which have found to act as a P sink and efficient in the retention of
DRP from agricultural areas (Braskerud et al., 2005; Kynkäänniemi et al., 2013).

5.4

𝜹𝜹𝟏𝟏𝟏𝟏 𝑶𝑶𝑷𝑷𝑷𝑷𝑷𝑷 as a Tracer for DRP in Karst Agroecosystems

Spring samples yielding viable 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 results displayed gradients between high

and low flow periods likely reflecting connectivity to ambient and anthropogenic sources.
We observed lower isotopic values (+20.1‰ to +27.7‰) during high flow compared to
that of higher isotopic values (+25.8‰ to +38.7‰) during low flow. The 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values

we observed for higher flows tend to fall within the range of values reported for P leaching
from fertilizers accumulated in soils and organic matter (Young et al., 2009; Li et al.,
2011). However, isotopic values found during low flow were higher than that of the
average reported values in agroecosystems (Gruau et al., 2005; Zohar et al., 2010; Granger
et al., 2017; Pistocchi et al., 2017; Tonderski et al., 2017; Ford et al., 2018). Based on our
work, we hypothesize that higher values during low flow reflect the source signature of
the phosphatic limestone within our system. This finding suggests that indigenous P may
be several per mil higher than that of anthropogenic (fertilizer derived) sources.
Furthermore, we found that 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 values observed in our system deviated from

theoretical equilibrium values with the surrounding environmental water. This suggests
that 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 signatures in karst agroecosystems are not overprinted by biological cycling
and are reflective of the initial P source. Overall, these results provide evidence that
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𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 may be an effective tool to differentiate ambient and anthropogenic P sources in
karst agroecosystems.

Many issues arose when processing both soil and water samples for 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4, which

resulted in a limited database, suggesting a need for revising 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analyses. One of the

main issues we were faced with was sample contamination during the ion removal stage,

which led us to several stages of cleaning and purification of our samples. Ultimately,
sample contamination led to low phosphate recovery in many samples of the final silver
phosphate solution, in return providing unmeasurable mass and unviable 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 ratios.
To avoid these issues in future studies involving the processing of soil or water samples
for 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 analysis we recommend using new Dionex resins for ion removal, since use

of recharged resins enabled formation of oxide precipitates that scavenged phosphate from

the final silver phosphate precipitate. To our knowledge, there was minimal dissolved iron
within our samples, but after finding iron contamination within samples, purifying samples
for iron prior to formation of brucite flocs may improve final yields.
Future sample processing approaches should focus on reducing intermediate
procedures. One promising avenue is the utilization of solid-phase extraction to
preconcentrate phosphate of environmental waters (Okumura et al., 2000). Briefly, this
process includes loading a Sep-Pak cartridge with zirconium and passing a sample through
to absorb phosphate. Cartridges are stable up to one a month, and during this timeframe
absorbed phosphates can be eluted with a sodium hydroxide solution for further isotopic
analysis. Overall, this potential method could provide a rapid pre-concentration of
phosphate with limited additional intermediate steps needed due to the minimal effects
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foreign ions and chemical species that impact the absorption of phosphates (Okumura et
al., 2000), as well as providing a long preservation of phosphate retained within cartridges.
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CHAPTER 6. CONCLUSIONS AND FUTURE WORK
6.1

Conclusions
The findings from this study provide insights into understanding phosphate dynamics

and transport in karst agroecosystems within the Inner-Bluegrass region of Kentucky.
Through statistical analysis of collected soil samples we determined surface soils were
highly concentrated with P, that decreased with depth into the rooting zone, and increased
again into deeper soil zones. This finding was unique in that this system, to our knowledge,
is one of the few studies reporting high P concentrations at both the surface and deeper
soil zones. We also found that soil P levels can vary spatially across the watershed
indicating that management practices and other soil elemental properties play a role in P
soil profiles within these systems. We addressed spatial DRP variability by analyzing
spring samples and conducting statistical analysis on a robust historical data set. We
discovered that there were significant differences between DRP concentrations at both
high and low flows as well as differences between perennial and ephemeral springs. These
findings suggest that DRP dynamics are highly influenced by soil P dynamics in these
systems. Differentiating between flow pathways and source controls with a hydrograph
separation analysis and a mass-balance unmixing model revealed interesting results for
predicting DRP within these systems. We found that a lack of explicit representation of
the prominent epikarst/soil sources suggest that hydrograph separation techniques may not
accurately represent more immature and heterogeneous karst systems. Instead, a tracerbased unmixing approach may be a more reliable tool to predict DRP dynamics in such
systems. Finally, we attempted to further identify flow pathways and DRP dynamics in
karst systems using oxygen isotopes of phosphates. We observed lower isotopic values
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(+20.1‰ to +27.7‰) during high flow compared to that of higher isotopic values (+25.8‰
to +38.7‰) during low flow at springs. These results lead us to believe that 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 may
be an effective tool to differentiate between ambient and anthropogenic P sources in karst

agroecosystems. Unfortunately, we were unable to yield viable 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 in event or soil
samples due to contamination leading to low phosphate recovery in the final silver
phosphate solution. Overall, this study provides a first step at understanding DRP transport
and fate in a heterogeneous karst agroecosystem. While future work should be conducted
to further understand these dynamics, we provide some suggestions to reduce downstream
DRP loading that include targeting hotspots and implementing in-stream BMP’s such as
constructed wetlands or the implementation of vegetative buffer strips on the exterior of
sinkholes.

6.2

Future Work
The results from this work provide better understanding towards the fate, transport,

and source of phosphate in karst agroecosystems, however more research must be
conducted to fully understand these processes and successfully reduce downstream DRP
loading in these systems. The following include several areas for future studies to expand
and improve upon our work:
1. Investigate other soil P pools (𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑂𝑂3 − 𝑃𝑃𝑖𝑖 , 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑃𝑃𝑖𝑖 , and 𝐻𝐻𝐻𝐻𝐻𝐻 − 𝑃𝑃𝑖𝑖 ) to help
further explain soil P dynamics in this system.

2. Conduct a future 𝛿𝛿 18 𝑂𝑂𝑃𝑃𝑃𝑃4 study in this system to investigate various sample
processing approaches and characterize isotopic compositions of soils and other
P sources (bedrock, manure, fertilizers, etc.)
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3. Collect an extensive event sampling dataset at both the watershed outlet and
springs to further characterize within-event DRP mechanisms.
4. Develop both a hydrological and biogeochemical model of phosphate to further
explain pathways and transport.
5. Construct a P vulnerability map using soil and geological information to help
identify target areas for different BMP implementations.
6. Investigate methods of best management practices that could promote matrixmacropore exchange at targeted portions within soil profiles where extractable P
is minimal.
Ultimately, future work into understanding processes of how phosphate is transported and
stored in these systems will enable the creation of predictive tools to help improve
management practices in karst agroecosystem watersheds.
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APPENDICES

APPENDIX A. Field Notes
Site Description:
C. Oran Little Research Center (LRC)
Woodford County (Versailles, KY)
Junction of US-60 and US-62
Inner Bluegrass Physiographic Region
Gently rolling uplands with numerous sinkholes and springs (karst topography)
Research Sites: ST1 (watershed outlet), SP1, SP2, SP3, SP4, SP6, SP7, SP8, SP11, SP15
(springs)
Site Visits:
6/14/2019
• Installed Teledyne refrigerated ISCO at site ST1.
o tubing total length was 35ft.
o fridge temp was set to 3C inside of ISCO.
o Water intake (strainer) was installed 23cm above the channel bed.
o ISCO set to start at 4PM on 6/14/19 and will take 500ml samples every 4 hours
into a 14-bottle configuration.
6/19/2019
• Upon arrival and initial inspection, it was evident that the ISCO did not collect any
samples on the previous routine.
• A new 12V battery was set out and connected.
• New routine set to start at 4PM on 6/19/19 for 500ml samples every 4 hours.
6/21/19
• Visit to monitor ISCO and power.
o ISCO used 52-amp hours since last visit, ISCO appeared to be cold and still
running.
o The current battery was replaced with two 50 AH batteries. The voltage on
the new batteries read 12.11 V.
• A new routine was set to start at 2:10PM on 6/21/19 on a 4-hour interval taking
500ml samples.
6/25/2019
• Only 6 samples were collected before the ISCO lost power on the previous routine.
• The batteries were collected to be taken back to the lab.
• ISCO left out with no power and ISCO cage looked secure after a large storm.
7/9/2019
• Batteries were brought out after being charged.
• A new routine was set on the ISCO to start at 12PM EST on 7/9/19 taking samples
on a 4-hour interval.
• There was an ant infestation inside the ISCO that was cleaned out.
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7/15/2019
• The ISCO lost some power and therefore the samples were not refrigerated the
entirety of the last sample routine.
• No new routine was started.
• There was evidence of a mouse nest inside the lid of the ISCO and it was cleared
out.
7/24/2019
• New sample routine was set to start at 4PM EST on 7/24/19 on a 4-hour interval
taking 800ml samples.
• A mouse was found inside the ISCO when opened and cleared.
• No apparent damage to tubing or power cables.
7/30/2019
• Inspection led to finding two mice found in the ISCO and they were cleared out.
• Previous samples were collected but because of a power issue the samples were not
refrigerated the whole time.
• No new sample routine was started.
9/19/2019
• Mouse found living in the top part of ISCO and the nest was completely cleared
out.
• A new sampling routine was set to start at 12PM on a 4-hour interval taking 800ml
samples.
10/23/2019
• 235W rated solar panel installation at ST1.
o installed above the ISCO closer to US-60.
o had to dig two holes and secure wooden beams with concentrate to mount
panel onto
o charge controller installed between the ISCO and the solar panel.
o batteries were connected in a parallel circuit and then connect to the solar
panel to hopefully achieve continuous power of the automated sampler.
• Set a routine to start at 0:00 on 10/24/19 using the same previous sampling interval.
10/30/2019
• The previous sampling routine failed to collect any samples.
• Checked the power supply and everything seemed to be working and staying stable.
• A new routine was set to start at 12:00 10/20/19.
11/6/2019
• Once again no samples collected from last routine, but the refrigerator was still
running, and the power remained stable. Both batteries were staying fully charged.
• A grab sample was tested and the ISCO pump seemed to work fine. Tested a
program and that seemed to work fine as well.
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•

Set a new routine to start at 12PM 11/6/19 collecting 125ml every 2 hours with 6
samples per bottle.

11/8/2019
• Quick visit to check on the ISCO. The ISCO was taking samples and currently on
bottle 5 of the routine. Fridge temperature currently reading 0C.
• 5 grab samples were collected from ST1.
• 1-3 next to sensors, 2 a little bit upstream and 4-5 at SP8.
11/13/2019
• Last routine seemed to stop collecting samples after 4 bottles. Batteries still fully
charged. Tested the pump and water was not being pumped up. Determined there
was an issue somewhere along the pump.
• Set a new routine to start at 12PM on 11/14/19.
11/18/2019
• The ISCO went through the entire routine, but no water was actually collected.
• Replaced with another ISCO but the same problem was evident, no water being
pumped up the tube.
• Did not set up a new routine.
11/25/2019
• Took 8 grab samples at ST1 around 2:30PM EST on 11/25/19.
• Tested ISCO with a new battery and it still would not pump water. Switched out
with another ISCO that had been working in the lab, but it still showed no signs of
pumping water. Tried a few other things with tubing but no signs of it pumping
water.
• ISCOS were brought back to the lab for further testing.
1/8/2020
• ISCO reinstalled with a new tubing connection to start taking event samples.
• Event sampling set to start at 6PM on 1/9/20 to take 850ml samples once every 6
hours.
1/13/2020
• Collected event samples from the ISCO.
• All samples appeared to be collected and power was stable the entire routine,
samples were still cold upon collection.
1/23/2020
• Visited ST1 and started a sample collection routine to start at 12PM on 1/23/20 on
a 6-hour interval.
• 1/27/2020
• Drove between all spring locations and watershed outlet collected grab samples.
• There was no evidence of flow coming from SP4, so it was not sampled.
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•

The previous event samples were collected from the ISCO at site ST1, all samples
were collected, and samples were still cold upon collection.

2/12/2020
• Visited spring sites while it was raining to collect samples during higher flow.
• All springs and the outlet were sampled.
• Multiple seeps were present along the location near SP4.
2/21/2020
• Visited spring sites and the outlet and collected grab samples at every site, the
sample from SP4 was taken slightly further downstream due to lower flow.
• ISCO at ST1 set to start taking event samples on 2/23/20 at 12PM in 4-hour
intervals.
2/26/2020
• ISCO samples were collected from ST1, samples were still cold upon collection.
3/11/2020
• Set the ISCO to take samples starting on 3/11/20 at 8PM on a 4-hour interval.
3/12/2020
• Visited all spring sites and the outlet.
• Grab samples were collected from each site except for SP4 and SP15. Conditions
were dry and there was no water evident at either of these springs.
3/16/2020
• ISCO samples were collected from the previous routine.
• All samples were collected but one bottle had no water in it. All samples were still
cold upon collection.
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APPENDIX B. Site Pictures
SP1: February 21st, 2020 – Taken during the FEBL spatial sampling collection.
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SP1: March 12th, 2020 – Taken during the MARL spatial sampling collection. Dirt had
been placed overtop one of the SP1 outlets.
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SP2: January 21st, 2020 – Taken during JANL spatial sampling collection.
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SP2: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP3: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP4: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP4: March 12th, 2020 – Taken during the MARL spatial sampling collection.
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SP6: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP7: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP8: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP11: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP15: February 21st, 2020 - Taken during the FEBL spatial sampling collection.
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SP15: March 12th, 2020 – Taken during the MARL spatial sampling collection.
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ST1: October 23rd, 2019 – Taken after Solar Panel Installation
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ST1: Various site pictures taken at different times.
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APPENDIX C. Source Unmixing Analysis MATLAB Script
%Cory Radcliff
%BAE Graduate Research Assistant
% Unmixing analysis for WF endmembers.
clc;
clear;
%Import Data
SC=xlsread('unmix_model_data.xlsx','Sheet1','D2:D56');
d2H=xlsread('unmix_model_data.xlsx','Sheet1','E2:E56');
d18O=xlsread('unmix_model_data.xlsx','Sheet1','F2:F56');
sampletimes=xlsread('unmix_model_data.xlsx','Sheet1','C2:C56');
discharge=xlsread('unmix_model_data.xlsx','Sheet1','I2:I56');
sampletimes=categorical({'1/9/20 23:00','1/10/20 5:00', '1/10/20 11:00', '1/10/20 17:00',
'1/10/20 23:00', '1/11/20 5:00', '1/11/20 11:00', '1/11/20 17:00', '1/11/20 23:00',
'1/12/20 5:00', '1/12/20 11:00', '1/12/20 17:00', '1/12/20 23:00', '1/13/20 5:00',
'1/23/20 17:00', '1/23/20 23:00', '1/24/20 5:00', '1/24/20 11:00', '1/24/20 17:00',
'1/24/20 23:00', '1/25/20 5:00', '1/25/20 11:00', '1/25/20 17:00', '1/25/20 23:00',
'1/26/20 5:00', '1/26/20 11:00', '1/26/20 17:00', '1/26/20 23:00', '2/23/20 17:00',
'2/23/20 21:00', '2/24/20 1:00', '2/24/20 5:00', '2/24/20 9:00', '2/24/20 13:00', '2/24/20
17:00', '2/24/20 21:00', '2/25/20 1:00', '2/25/20 5:00', '2/25/20 9:00', '2/25/20 13:00',
'2/25/20 17:00', '2/25/20 21:00', '3/12/20 0:00', '3/12/20 4:00', '3/12/20 8:00', '3/12/20
16:00', '3/12/20 20:00', '3/13/20 0:00', '3/13/20 4:00', '3/13/20 8:00', '3/13/20 12:00',
'3/13/20 16:00', '3/13/20 20:00', '3/14/20 0:00', '3/14/20 4:00'});
%Vector creation for 10,000 iterations - Mote Carlo Analysis
length =10000;
for j=1:length
%Source Charaterization
SCp(j) = unifrnd(2.31,199.9);
SCs(j) = unifrnd(247.3,377.3);
SCph(j) = unifrnd(325.8,564);
d2Hs(j) = unifrnd(-44.53,-39.66);
d2Hph(j) = unifrnd(-41.46,-39.59);
d18Os(j) = unifrnd(-7.19,-6.47);
d18Oph(j) = unifrnd(-6.92,-6.67);
d2Hp1 = -57.8;
d18Op1 = -8.6;
d2Hp2 = -68.1;
d18Op2 = -11.15;
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d2Hp3 = -38;
d18Op3 = -7.1;
d2Hp4 = -31.2;
d18Op4 = -5.86;

%Event 1
for i=1:14
SCmix= SC(i);
d2Hmix= d2H(i);
d18Omix= d18O(i);
x0 = [.5,.25,.25];
A = [];
b = [];
Aeq = [1,1,1];
beq = [1];
lb = [0,0,0];
ub = [1,1,1];
fun = @(x)sqrt(((1-(x(1)+x(2)+x(3)))^2+(SCmix(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))^2+(d2Hmix(x(1)*d2Hp1+x(2)*d2Hs(j)+x(3)*d2Hph(j)))^2+(d18Omix(x(1)*d18Op1+x(2)*d18Os(j)+x(3)*d18Oph(j)))^2)/4);
[x,rmse(i,j)] = fmincon(fun,x0,A,b,Aeq,beq,lb,ub);
x1(i,j) = x(1);
x2(i,j) = x(2);
x3(i,j)= x(3);
sum(i,j)=x1(i,j)+x2(i,j)+x3(i,j);
GOFSC(i,j) = (1-abs((SCmix-(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))/SCmix))*100;
GOFd2H(i,j) = (1-abs((d2Hmix(x(1)*d2Hp1+x(2)*d2Hs(j)+x(3)*d2Hph(j)))/d2Hmix))*100;
GOFd18O(i,j) = (1-abs((d18Omix(x(1)*d18Op1+x(2)*d18Os(j)+x(3)*d18Oph(j)))/d18Omix))*100;
end
%Event 2
for i=15:28
SCmix= SC(i);
d2Hmix= d2H(i);
d18Omix= d18O(i);
x0 = [.5,.25,.25];
A = [];
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b = [];
Aeq = [1,1,1];
beq = [1];
lb = [0,0,0];
ub = [1,1,1];
fun = @(x)sqrt(((1-(x(1)+x(2)+x(3)))^2+(SCmix(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))^2+(d2Hmix(x(1)*d2Hp2+x(2)*d2Hs(j)+x(3)*d2Hph(j)))^2+(d18Omix(x(1)*d18Op2+x(2)*d18Os(j)+x(3)*d18Oph(j)))^2)/4);
[x,rmse(i,j)] = fmincon(fun,x0,A,b,Aeq,beq,lb,ub);
x1(i,j) = x(1);
x2(i,j) = x(2);
x3(i,j)= x(3);
sum(i,j)=x1(i,j)+x2(i,j)+x3(i,j);
GOFSC(i,j) = (1-abs((SCmix-(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))/SCmix))*100;
GOFd2H(i,j) = (1-abs((d2Hmix(x(1)*d2Hp2+x(2)*d2Hs(j)+x(3)*d2Hph(j)))/d2Hmix))*100;
GOFd18O(i,j) = (1-abs((d18Omix(x(1)*d18Op2+x(2)*d18Os(j)+x(3)*d18Oph(j)))/d18Omix))*100;
end
%Event 3
for i=29:42
SCmix= SC(i);
d2Hmix= d2H(i);
d18Omix= d18O(i);
x0 = [.5,.25,.25];
A = [];
b = [];
Aeq = [1,1,1];
beq = [1];
lb = [0,0,0];
ub = [1,1,1];
fun = @(x)sqrt(((1-(x(1)+x(2)+x(3)))^2+(SCmix(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))^2+(d2Hmix(x(1)*d2Hp3+x(2)*d2Hs(j)+x(3)*d2Hph(j)))^2+(d18Omix(x(1)*d18Op3+x(2)*d18Os(j)+x(3)*d18Oph(j)))^2)/4);
[x,rmse(i,j)] = fmincon(fun,x0,A,b,Aeq,beq,lb,ub);
x1(i,j) = x(1);
x2(i,j) = x(2);
x3(i,j)= x(3);
sum(i,j)=x1(i,j)+x2(i,j)+x3(i,j);
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GOFSC(i,j) = (1-abs((SCmix-(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))/SCmix))*100;
GOFd2H(i,j) = (1-abs((d2Hmix(x(1)*d2Hp3+x(2)*d2Hs(j)+x(3)*d2Hph(j)))/d2Hmix))*100;
GOFd18O(i,j) = (1-abs((d18Omix(x(1)*d18Op3+x(2)*d18Os(j)+x(3)*d18Oph(j)))/d18Omix))*100;
end
%Event 4
for i=43:55
SCmix= SC(i);
d2Hmix= d2H(i);
d18Omix= d18O(i);
x0 = [.5,.25,.25];
A = [];
b = [];
Aeq = [1,1,1];
beq = [1];
lb = [0,0,0];
ub = [1,1,1];
fun = @(x)sqrt(((1-(x(1)+x(2)+x(3)))^2+(SCmix(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))^2+(d2Hmix(x(1)*d2Hp4+x(2)*d2Hs(j)+x(3)*d2Hph(j)))^2+(d18Omix(x(1)*d18Op4+x(2)*d18Os(j)+x(3)*d18Oph(j)))^2)/4);
[x,rmse(i,j)] = fmincon(fun,x0,A,b,Aeq,beq,lb,ub);
x1(i,j) = x(1);
x2(i,j) = x(2);
x3(i,j)= x(3);
sum(i,j)=x1(i,j)+x2(i,j)+x3(i,j);
GOFSC(i,j) = (1-abs((SCmix-(x(1)*SCp(j)+x(2)*SCs(j)+x(3)*SCph(j)))/SCmix))*100;
GOFd2H(i,j) = (1-abs((d2Hmix(x(1)*d2Hp4+x(2)*d2Hs(j)+x(3)*d2Hph(j)))/d2Hmix))*100;
GOFd18O(i,j) = (1-abs((d18Omix(x(1)*d18Op4+x(2)*d18Os(j)+x(3)*d18Oph(j)))/d18Omix))*100;
end

end
%Goodness of fit for Monte Carlo Analysis
counter=0;
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for j=1:length
lowGOFSC(j)=prctile(GOFSC(:,j),50);
lowGOFd2H(j)=prctile(GOFd2H(:,j),50);
lowGOFd18O(j)=prctile(GOFd18O(:,j),50);
medianGOFSC(j)=median(GOFSC(:,j));
medianGOFd2H(j)=median(GOFd2H(:,j));
medianGOFd18O(j)=median(GOFd18O(:,j));
avrmse(j)=mean(rmse(:,j));
if lowGOFSC(j)>95 && lowGOFd2H(j)>95 && lowGOFd18O(j)>95
acceptable(j)=1;
counter=counter+1;
x1post(:,counter)=x1(:,j);
x2post(:,counter)=x2(:,j);
x3post(:,counter)=x3(:,j);
else
acceptable(j)=0;
end
end
for i=1:55
median_x1(i)=median(x1post(i,:));
median_x2(i)=median(x2post(i,:));
median_x3(i)=median(x3post(i,:));
percentile95x1(i)=prctile(x1post(i,:),75)-prctile(x1post(i,:),25);
percentile95x2(i)=prctile(x2post(i,:),75)-prctile(x2post(i,:),25);
percentile95x3(i)=prctile(x3post(i,:),75)-prctile(x3post(i,:),25);
end
%Tracer contribution range
max1 = max(x1post,[],2);
min1 = min(x1post,[],2);
mean1 = mean(x1post,2);
std1 = std(x1post,0,2);
for i = 1:55
x1range(i,1) = max1(i);
x1range(i,2) = min1(i);
end
max2 = max(x2post,[],2);
min2 = min(x2post,[],2);
mean2 = mean(x2post,2);
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std2 = std(x2post,0,2);
for i = 1:55
x2range(i,1) = max2(i);
x2range(i,2) = min2(i);
end
max3 = max(x3post,[],2);
min3 = min(x3post,[],2);
mean3 = mean(x3post,2);
std3 = std(x3post,0,2);
for i = 1:55
x3range(i,1) = max3(i);
x3range(i,2) = min3(i);
end

%Defining sample #s for each event and setting up axis for plotting
e1s = 1;
e1e = 14;
e2s = 15;
e2e = 28;
e3s = 29;
e3e = 42;
e4s = 43;
e4e = 55;
xsumpost=zeros(55,3);
for i = 1:55
xsumpost(i,1)=median_x1(i);
xsumpost(i,2)=median_x2(i);
xsumpost(i,3)=median_x3(i);
end
xe1=xsumpost(1:14,1:3);
xe2=xsumpost(15:28,1:3);
xe3=xsumpost(29:42,1:3);
xe4=xsumpost(43:55,1:3);
samplenum = 1:55;
samplenum1 = 1:14;
samplenum2 = 15:28;
samplenum3 = 29:42;
samplenum4 = 43:55;
xe1d=discharge(1:14,1);
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xe2d=discharge(15:28,1);
xe3d=discharge(29:42,1);
xe4d=discharge(43:55,1);
sampletimes1=categorical({'1/9/20 23:00','1/10/20 5:00', '1/10/20 11:00', '1/10/20
17:00', '1/10/20 23:00', '1/11/20 5:00', '1/11/20 11:00', '1/11/20 17:00', '1/11/20
23:00', '1/12/20 5:00', '1/12/20 11:00', '1/12/20 17:00', '1/12/20 23:00', '1/13/20
5:00'});
sampletimes2=categorical({'1/23/20 17:00','1/23/20 23:00', '1/24/20 5:00', '1/24/20
11:00', '1/24/20 17:00', '1/24/20 23:00', '1/25/20 5:00', '1/25/20 11:00', '1/25/20
17:00', '1/25/20 23:00', '1/26/20 5:00', '1/26/20 11:00', '1/26/20 17:00', '1/26/20
23:00'});
sampletimes3=categorical({'2/23/20 17:00', '2/23/20 21:00', '2/24/20 1:00', '2/24/20
5:00', '2/24/20 9:00', '2/24/20 13:00', '2/24/20 17:00', '2/24/20 21:00', '2/25/20 1:00',
'2/25/20 5:00', '2/25/20 9:00', '2/25/20 13:00', '2/25/20 17:00', '2/25/20 21:00'});
sampletimes4=categorical({'3/12/20 0:00', '3/12/20 4:00', '3/12/20 8:00', '3/12/20 16:00',
'3/12/20 20:00', '3/13/20 0:00', '3/13/20 4:00', '3/13/20 8:00', '3/13/20 12:00', '3/13/20
16:00', '3/13/20 20:00', '3/14/20 0:00', '3/14/20 4:00'});
%plotting results
figure(1)
t = tiledlayout(2,2);
nexttile
bar(sampletimes1,xe1, 'stacked')
legend('Precip','Soil/Epi','Phreatic','location','northeastoutside')
ylabel('% Contribution')
xlabel('Time')
title('E1')
nexttile
bar(sampletimes2,xe2, 'stacked')
legend('Precip','Soil/Epi','Phreatic','location','northeastoutside')
ylabel('% Contribution')
xlabel('Time')
title('E2')
nexttile
bar(sampletimes3,xe3, 'stacked')
legend('Precip','Soil/Epi','Phreatic','location','northeastoutside')
ylabel('% Contribution')
xlabel('Time')
title('E3')
nexttile
bar(sampletimes4,xe4, 'stacked')
legend('Precip','Soil/Epi','Phreatic','location','northeastoutside')
145

ylabel('% Contribution')
xlabel('Time')
title('E4')
figure(2)
t = tiledlayout(2,2);
nexttile
yyaxis left
plot(samplenum1,xe1)
ylabel('% Contribution ')
xlabel('Sample #')
title('E1')
yyaxis right
plot(samplenum1,xe1d)
ylabel('Discharge')
legend('Precip','Soil/Epi','Phreatic','Discharge','location','northeastoutside')
nexttile
yyaxis left
plot(samplenum2,xe2)
ylabel('% Contribution ')
xlabel('Sample #')
title('E2')
yyaxis right
plot(samplenum2,xe2d)
ylabel('Discharge')
legend('Precip','Soil/Epi','Phreatic','Discharge','location','northeastoutside')
nexttile
yyaxis left
plot(samplenum3,xe3)
ylabel('% Contribution ')
xlabel('Sample #')
title('E3')
yyaxis right
plot(samplenum3,xe3d)
ylabel('Discharge')
legend('Precip','Soil/Epi','Phreatic','Discharge','location','northeastoutside')
nexttile
yyaxis left
plot(samplenum4,xe4)
ylabel('% Contribution ')
xlabel('Sample #')
title('E4')
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yyaxis right
plot(samplenum4,xe4d)
ylabel('Discharge')
legend('Precip','Soil/Epi','Phreatic','Discharge','location','northeastoutside')
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APPENDIX D. R Script for Statistical Analysis of WEP and M3P of Soil samples
and DRP of Historical Spring Samples
#Cory Radcliff
#Statistical Analysis of WEP in Soil samples
# install the emmeans package.
# NEED TO INSTALL ONCE.
# install.packages('emmeans')
# libraries needed
library(emmeans)

# importing data
test <- read.csv("E:\\School\\Master's Work\\Thesis\\Ch4. Results\\Soils_R.csv")
# regression
mod <- lm(formula = WEP ~ Location + Depth,
data = test
)
# model coefficients
mod
# residual plots of interest (first plot checks the
# homoscedasticity assumption, second plot checks the
# normality assumption
plot(mod)
# statistical tests, R^2
summary(mod)
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# tukey test for Location, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Location)
tukey_test
# tukey test for Depth, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Depth)
tukey_test

#Cory Radcliff
#Statistical Analysis of M3P in Soil samples
# install the emmeans package.
# NEED TO INSTALL ONCE.
# install.packages('emmeans')
# libraries needed
library(emmeans)
# importing data
test <- read.csv("E:\\School\\Master's Work\\Thesis\\Ch4. Results\\SoilM3P.csv")
# regression
mod <- lm(formula = M3P ~ Location + Depth,
data = test
)
# model coefficients
mod
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# residual plots of interest (first plot checks the
# homoscedasticity assumption, second plot checks the
# normality assumption
plot(mod)
# statistical tests, R^2
summary(mod)
# tukey test for Location, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Location)
tukey_test
# tukey test for Depth, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Depth)
tukey_test
Cory Radcliff
#Statistical Analysis of DRP in historical spring samples
# install the emmeans package
# NEED TO INSTALL ONCE.
# install.packages('emmeans')
# libraries needed
library(emmeans)

# importing data
spat <- read.csv("E:\\School\\Master's Work\\Thesis\\Stats\\histspspat_data2.csv")
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# regression
mod <- lm(formula = PO4 ~ Location + Flow + Type,
data = spat
)
# model coefficients
mod
# residual plots of interest (first plot checks the
# homoscedasticity assumption, second plot checks the
# normality assumption
plot(mod)
# statistical tests, R^2
summary(mod)
# tukey test for Location, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Location)
tukey_test
# tukey test for Flow, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Flow)
tukey_test
# tukey test for Type, which is categorical
tukey_test <- emmeans(mod, pairwise ~ Type)
tukey_test
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